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Abstract

In this thesis, I take a complex systems perspective on the economy with the aim of
tying granular activity and social behaviours among individuals to global economic and
political phenomena. The thesis leverages tools from network science, machine learning,
and dynamical systems to extract individual activity from noisy real-world data and
subsequently model the macro-scale consequences of individual decisions.

Several chapters of the thesis focus on social media activity and the financial system.
I focus on the online investor discussion forum called WallStreetBets (WSB). The
thesis first presents a data-driven analysis of WSB: initial experiments decompose the
forum using a large language topic model and network tools. The findings show that
assets that are closely linked within online user and topic networks are also likely to be
highly correlated in their returns — this analysis offers insight into economic themes and
investor preferences which drive asset co-movements.

The following chapter delves into the mechanisms shaping individual perspectives.
I use two different instrumental variable approaches to document that user sentiments
about assets’ future performances are motivated, in part, by peers as well as by recent
asset performance. I subsequently develop a theoretical case for how individual senti-
ment dynamics can drive changes in asset prices. I present several mathematical models,
including a model with market-clearing, a dynamical systems model, and a model for
bubble formation in the financial markets, which all demonstrate how ‘social investing’
can have market impact.

The thesis then uses a mixture of mathematical and econometric tools to empiri-
cally estimates the effect of WSB activity on asset prices in several ways. I document:
higher retail trader demand following WSB discussions, the price impact of idiosyncratic
investor sentiment in viral content, and the significant activity of WSB users around

bubble-like stock price run-ups. The thesis concludes that the unique features of social


WallStreetBets

media, such as its scale and ability to facilitate the spread of information, make it an
important market driver.

After making a strong case for the importance of human behaviour within the econ-
omy, I strive to better understand evolving real-world network dynamics — the next sec-
tion of the thesis presents both a new dataset and novel temporal clustering technique
targeted towards better understanding the dynamics of turbulent networks. The the-
sis analyzes the evolution of several social and political movements using data from
online Reddit forums (r/BlackLivesMatter, r/Brexit, r/climate, r/democrats,
r/Republican) and the development of international relations through studying inter-
national events data.

The key contributions of the thesis are analytical (developing several models to un-
derstand the macro impact of individual behaviour), empirical (extracting signal from
noisy social-media data and leveraging network / causal frameworks to understand ef-
fects) and methodological (extending the network and data science toolkit to drive my
analysis). The mathematical analysis within this thesis allows me to make a strong case
for how social media activity has evolved over time and impacted society, as well as
providing additional tools, datasets and algorithms to facilitate future research.
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Chapter 1: Introduction

Social forces and global economic and political trends are strongly interconnected. Peo-
ple’s interactions and convictions influence their voting patterns and investment decisions.
The political climate, in turn, impacts monetary policy and trade. Investment provides the
economic fuel for companies to thrive and expand. This thesis uses a mixture of mathemat-
ical and econometric tools in order to better understand the granular dynamics of financial
markets, political movements, social interactions, and the interplay between them.

Several factors make it an opportunistic time to contribute to this field using a mathe-
matical, complex-systems toolkit. Social media acts as a communication and coordination
platform — enabling individuals to come together at an unprecedented scale and with in-
credible speed. As more people became users of online platforms in the early two thousands,
social media became a hotbed for political activism — later termed ‘online activism’ (Cam-
maerts 2015). More recently, these platforms have enabled individuals to come together
and destabilize the economy. Consider, for example, the GameStop short squeeze, when
coordination among millions of online discussants enabled them to unseat an investment
giant.1 The Silicon Valley Bank Run, on the other hand, demonstrated how social media
could fuel downside panic.” The silver lining is that social media allows us to operate in
a data-rich landscape, providing opportunities for novel research and quick regulatory ac-
tion. Specifically, leveraging social media data, in combination with novel mathematical
tools and methods, enables us to uphold and debunk long-standing theories of how people
behave and influence each other, and to explore data-driven frameworks for the interplay

between individual agents and the economy. In this thesis, I study a relatively unexplored

Thttps://www.nytimes.com/2022/05/18/business/melvin-capital-gamestop-short.html
Zhttps://www.theguardian.com/business/2023/mar/16/the-first-twitter-fuelled-bank-run-how
-social-media-compounded-svbs-collapse
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dataset (activity from the infamous WallStreetBets subreddit forum) and offer a unique,
mathematical and data-science perspective, which complements existing work (as discussed
in my literature review).

Figure 1.1 describes the structure of the thesis. I begin by applying a data-scientific lens
to the novel dataset tracking investor activity on social media in Chapter 3. The following
chapters (4, 5, 6) rigorously analyze the connection between social dynamics online and
financial stability. Chapter 7 broadens the scope of the thesis to study other online commu-
nities.

The contribution of this thesis is methodological, analytical and empirical. For the an-
alytical component, I adopt a dynamical systems perspective and study the mathematical
processes that explain how social dynamics online can drive financial fluctuations. I present
three different approaches in Chapter 5 which allow me to estimate the stability / cyclicality
of a system with social investing (using the complex system toolkit), as well as evaluate the
long-term equilibrium effects (using quantitative finance models). Reconciling my analysis
with data required several methodological contributions, which allow me to extract signal
from noisy, unstructured information. Chapter 7, for example, describes and implements
an extension of a signed clustering technique to the temporal setting. Finally, the thesis
applies data science tools, such as large language models (LLMs) and network scientific
techniques, as well as econometric tools (such as the granular and network instrumental
variable approaches) to reconcile my analysis and observed dynamics.

A large portion of the thesis is dedicated to studying investors that actively share infor-
mation and seek the advice of their peers online — a group I refer to as ‘hype’ and ‘social’
investors. Specifically, I focus on the WallStretBets (WSB) subreddit forum. The goal of this
research is twofold: i) to better understand how individuals make up their minds about as-

sets based on information that they are exposed to online and market conditions, and ii) to



Chapter 3: What is the Social Investor?

Exploratory, data-science perspective applied to investors active on social media

Chapter 4:
Understanding Social Investor
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Chapter 5:
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Chapter 4,5,6: How Can Investor Dynamics Online Impact Financial Markets?

Causal and modeling-based approach to understand how social dynamics online can result in financial fluctuations
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Figure 1.1: Thesis Road Map

study what properties of social media can lead to unique channels of market impact.

I begin with a text- and network-based analysis in Chapter 3. The thesis uncovers text-
based and user-interest-based asset clusters within the WSB forum by applying LLM and
network techniques to WSB submission and comment data. I subsequently explore the re-
action of WSB users to market moves through an analysis of cumulative abnormal returns

preceding and following submissions, and observe that users are generally reactive to price,



and that this pattern is particularly distinctive in ‘meme’ stocks.

Chapter 4 studies the way in which hype investors form their sentiments about assets
(extracted using NLP methods) based on the information they are exposed to online and
market conditions. The thesis leverages an Instrumental Variable (IV) approach to quan-
tify the magnitude of peer effects among WSB users. I propose two separate identification
strategies. The first is a temporal IV which leverages the historical sentiment of peers to
predict their future sentiment about the same asset. The second is a network IV which uses
the sentiments of ‘friends of friends’ in an interaction network. Across both specifications,
I observe that peers play an important role in shaping individual investor perspectives. The
results reveal that when the odds of peers expressing bullish over bearish sentiments double,
the odds of a given user expressing bullish over bearish sentiment increase by an average of
15%. Overall, peer effects appear to play a greater role in sentiment formation than extrap-
olation (the tendency for individuals to extrapolate future returns from past performance).

An outstanding question is whether peer effects and social investing can, theoretically,
have an impact on the financial markets. Chapter 5 presents several mathematical models
for how sentiments and asset prices impact each other which incorporate my empirically-
documented mechanisms behind sentiment formation (namely trend-following and peer
effects). The models demonstrate that across many settings peer effects can play a substan-
tial role. For example, in an equilibrium quantitative finance model with market clearing
and liquidity provided by noise traders, I am able to show that heavy tails in attention paid
to certain social media content can have market impact. In an adapted model of bubble
formation (Barberis et al. 2018), peer effects manifest as a longer-memory process: I observe
that a bubble takes a longer period of time to form and dissipate. Finally, in a complex
systems model, I show that one can observe a range of behaviours in asset prices — from

convergence to a steady state at zero, to periodic and quasi-period dynamics (bordering on



chaos) with multiple steady states.

If there are multiple mechanisms through which peer effects and online investor dynam-
ics can impact asset prices, have we actually observed such changes in the financial markets?
Chapter 6 leverages mathematical and econometric techniques to estimate the effect of WSB
activity on asset prices in three ways. I document: higher retail trader demand following
WSB discussions using Trade and Quotes (TAQ) data to identify retail trades (Boehmer et al.
2021), the price impact of idiosyncratic investor sentiment in viral content using a Granu-
lar Instrumental Variable (GIV) approach (Gabaix & Koijen 2023, 2021), and the significant
activity of WSB users around bubble-like stock price run-ups (Greenwood et al. 2019). My
findings suggests that it is likely that we have only seen the tip of the iceberg, in terms of the
impact that social media can have on the financial markets and the economy more broadly.

After documenting the effect that hype investors have had on financial markets, the the-
sis broadens its scope and develops network theoretic / NLP tools to study the social dy-
namics in several other communities. I study the evolution of several political online fo-
rums (r/BlackLivesMatter, r/Brexit, r/climate, r/democrats, r/Republican) and
the temporal dynamics of international relations, through the lens of international news
events (Boschee et al. 2015). Due to the lack of high-quality, annotated data from social me-
dia the chapter begins by presenting a novel dataset tracking the evolution of agreements
and disagreements in the online communities mentioned above. I use the data, annotated in
partnership with Scale AI,® to better understand the properties and shortcomings of NLP al-
gorithms on noisy social-media data. The thesis subsequently presents an signed, temporal
clustering algorithm — an extension of modularity-maximizing methods on signed networks
(Blondel et al. 2008, Traag & Bruggeman 2009). This algorithm is then applied to study the
temporal clustering dynamics of the networks described above. My method allows me to

gain insights into key differences between the evolution of discussions among Democrats

3https://scale.com/
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and Republicans leading up to the 2021 US election, and to observe how country alliances
have evolved over time.

The work presented in Chapters 3, 4, 5, 6 is based on several papers developed through-
out the thesis, including Semenova et al. (2024) (published in Journal of Portfolio Manage-
ment), Semenova & Winkler (2021) (under review at Management Science) and a manuscript
in preparation for submission to Proceedings of the National Academy of Sciences. Chapter
7 is based on a dataset paper published at the Conference on Neural Information Process-
ing Systems (Pougué-Biyong et al. 2021) and a paper published as a special prize issue for
Rebuilding Macroeconomics (Pougué-Biyong & Semenova 2022). Out of the utmost respect
and gratitude to the valuable contributions of my coauthors (detailed in the Statement of
Originality) the thesis proceeds in fist-person, plural tense.

Chapter 2 contextualizes the thesis by providing a thorough literature review and high-

lighting the key contributions. Chapter 8 concludes and discusses future goals.



Chapter 2: Literature Review

This thesis uses diverse tools and cutting-edge techniques across several different ar-
eas. A large part of the analysis is underpinned by network theoretic and NLP techniques.
In the network theoretic space, I build on and contribute to the network clustering litera-
ture, as well as the literature studying social networks in investor communities. In the NLP
space, I review and contribute to the study and application of topic models and sentiment
detection. My empirical methods leverage the latest developments in the peer effects in eco-
nomics space, as well as identification methods for data exhibiting heavy tails. My modeling

exercises extend quantitative models from dynamical systems and finance.

2.1 Networks

The simplest type of network (also known as a graph), G = (V,E), is represented by a set of V
nodes (vertices) connected by E edges (often represented as a node tuple) (Newman 2018).
The structure of the network is often captured in the adjacency matrix A, which is NxN
(where N is |V]) and contains a one in entry A; ; if nodes i, j are connected by an edge and
zero otherwise. Advancements in network science have facilitated many more complicated
representations of networks. Traditionally, networks are unsigned and undirected (resulting
in a symmetric adjacency matrix). Directed networks capture the notion that a relationship
may originate from one node and move to another, but may not be reciprocated, and can
have a non-symmetric adjacency matrix: for example, trade relationships where a country
may import goods from another but may not export to that country (De Benedictis & Tajoli
2011), or disease may spread from an infected patient to a healthy individual (Meyers et al.
2006). Edges may also capture different strengths of ties (where an edge may have a weight

between zero and one) or different types of ties (Newman 2004). In the latter case, networks



can be signed, where edges may have a negative or a positive value associated with them
— the negative edges may denote antagonistic / adversarial relationships, whereas positive
edges may capture friendly ties (Leskovec et al. 2010b). Temporal networks, on the other
hand, represent relationships that may be changing over time where edges have a temporal
attribute (Masuda & Lambiotte 2016). More recently, the network literature has expanded
to incorporate many different types of relationships and / or nodes in a multi-dimensional
network or hetero-graph structure, where the graph G = (V,E,D) may refer to a specific
dimension D or the set of nodes V' can be broken down into different node types (Kivela
et al. 2014).

In addition to exploring different types of relationships, a network may contain node fea-
tures, which capture specific characteristics of the nodes — for example, if the nodes repre-
sent countries in a trade network, the node features may capture country-specific attributes,
such as the Gross Domestic Product (GDP) or population. This development is of particular
relevance for deep-learning on graphs, which has evolved into its own field focused on the
study of Graph Neural Networks (GNNs). ML methods on graphs have largely focused on
several tasks: node classification (assigning a label v, to a node, u € V, after observing the
labels on a training set of nodes V;,;;,), link / relation prediction (predicting whether an
edge exists between two nodes after observe a set of existing and absent edges from E;, i),
community detection (given a graph with certain connections, determining the most simi-
lar clusters of nodes while maximizing ‘dissimilarity’ between communities and ‘similarity’
within communities) and graph classification (assigning a label y; to graph G after observ-
ing the labels on a training set of graphs in G;,,;,). The general architecture of many GNN
methods takes in a graph with nodes, edges and node features; it subsequently learns a new
node representation based on the initial node features of a node and its neighbors. Different

approaches to learning the new node representation includes spectral methods (Hammond



etal. 2011, Kipf & Welling 2016, Defferrard et al. 2016) and spatial methods (Hamilton et al.
2017, Velickovic¢ et al. 2018, Monti et al. 2017). More recently, GNN methods have expanded
to heterographs and multi-layer networks.

Within the network science literature this thesis focuses on several areas. Chapter 7 ex-
pands on existing network tools and presents a novel, signed, temporal clustering algorithm
— for better context, I review the relevant literature and background in Chapter 7. Chap-
ter 4 focuses on peer effects in social, economic networks — I review these in greater detail
and outline the key contributions below. Finally, this thesis discusses how several future

directions leverage deep-learning methods on networks.

2.2 Empirical Methods for the Study of Peer Effects Among Investors

The study of peer effects and the spread of information within social networks emerged as
an important topic of research within the network science space after several studies docu-
mented that important life outcomes could be substantially impacted by the influence from
an individual’s peers. Christakis & Fowler (2013) review several of the authors’ seminal
works studying the spread of health outcomes (such as smoking, obesity and depression),
social decisions (such as divorce) and tastes (such as music preferences).

A prominent strand of literature highlights the importance of peers and narratives in
shaping investor perspectives. In his seminal work, Shiller (1984) discusses the excess
volatility in stock prices relative to dividends. Since then, ‘narrative economics” has played
an increasingly important role in our understanding of investor decision-making and mar-
ket moves (Shiller 2017, Hirshleifer 2020). Social media forums have been used to uncover
various aspects of investor behaviour, such as: the myForexBook platform to study the dis-
position effect (Heimer 2016), StockTwits to study echo chambers (Cookson et al. 2022),

and SeekingAlpha to study impression management and the propagation of noise (Chen &



Hwang 2022), to name a few (see Kuchler & Stroebel (2021), Cookson et al. (2024), Semen-
ova & Winkler (2021) for a comprehensive overview). The WallStreetBets forum has been
used to study: the interactions of different types of investors (Hu et al. 2021), the informa-
tional content of posts for prediction (Bradley et al. 2024), and the dynamics behind the
GameStop short squeeze (Mancini et al. 2022). I study a different question to those listed
above and propose an empirical methodology to more precisely identify how information
shared by peers contributes to sentiment formation, as well as the impact of market sur-
prise and reinforcement. Beyond studying a distinct question in the literature, I explore
three different avenues for market impact.

A growing literature attempts to address concerns surrounding ‘confounding variables’ —
variables which affect both the predictors and the dependent variables, altering the observed
relationship between the two. An important strand of literature attempts to distinguish be-
tween peer effects (where a node in a network influences or causes outcomes in another),
homophily (when similarities between nodes drive the same outcomes) and common shocks
(shared influences may affect the outcomes for all nodes) (Aral et al. 2009, Angrist 2014).
The impact of peers has been studied in several different financial contexts such as: the dif-
fusion of micro-finance decisions in a social network (Banerjee et al. 2013), the effect of peers
on risk taking (Lahno & Serra-Garcia 2015), the effect of social networks on saving (Breza
& Chandrasekhar 2019), and the role of ‘social learning’ versus ‘social utility’ in financial
decision-making (Bursztyn et al. 2014). By studying a broader set of investors in a natural
experiment, my research question is similar to Pool et al. (2015), who demonstrate that so-
cially connected fund managers hold similar stocks. Social media data, however, presents
a novel identification challenge. Fortunately, other papers in economics offer promising
methods to leverage naturally occurring variation in peers for identification. An area which

pioneered many of these techniques investigates peer effects in the classroom (see Epple &
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Romano (2011), Sacerdote (2011) for a general overview, and Duflo et al. (2011) for a promi-
nent example). Social networks are also an active area of study (see Bramoullé et al. (2020)
for a recent review). This thesis highlights how to transfer well-established techniques from

the empirical peer effects in the classroom and networks literatures to social media data.

2.3 Asset Returns & Social Media

Empirical Investigation Several papers have documented that investor discussion forums
can have predictive power for market returns (Antweiler & Frank 2004, Sabherwal et al.
2011, Chen, De, Hu & Hwang 2014, Azar & Lo 2016, Agrawal et al. 2018). This thesis
quantifies additional channels through which social media has had an impact. I leverage
the methodology of Boehmer et al. (2021) to show how retail trading volumes follow the
attention paid to specific assets on the forum, complementing other works tracking WSB
positions, such as Welch (2022). I present a new channel for price impact and use a GIV
approach to demonstrate how virality online may be driving volatility in the financial mar-
kets (Gabaix & Koijen 2023). Since its development, the GIV methodology has been used to
study several important questions, including credit risk (Galaasen et al. 2020) and capital
flows (Gabaix & Koijen 2021). This is the first work, to my knowledge, to study the impact
of social media and viral content. The GIV approach allows me to study fluctuations in
returns at the weekly time-scale, however, I also consider that social movements can have
more long-term consequences, namely through driving asset price bubbles. Several papers
empirically study the formation bubbles in the markets. Greenwood et al. (2019) propose a
methodology to study price run-ups in sectors. I adapt their framework to my setting and
demonstrate the increased activity of hype investors in assets that exhibit bubble-like dy-
namics. My exploration prompts important questions for further research. Recent studies

use investor-level holdings data to track positions and profits / losses of individuals (Pearson
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et al. 2021, Balasubramaniam et al. 2023): given the quickly growing hype investor popula-
tion in the market (a statement justified in the thesis), there is a pressing need to study these
individual investors’ profit and loss profiles as the re-distributional consequences of social

influence among investors (An et al. 2022).

Models In the presence of social dynamics, what behaviour would we expect for asset
prices in the financial markets? This thesis presents three models and discusses the key
insights: i) a model where strategic complementarities among investors motivate them to
share information online, ii) a model for asset price bubbles with extrapolative and social
investors, and iii) a complex systems model with different stable and unstable emergent
regimes. I review the relevant literature underpinning my analysis below.

The economic interest in asset mispricing has a long history, with examples dating back

to Tulipmania in the Netherlands in the 17t

century (Garber 1989). Of particular relevance
to this thesis are frameworks analyzing: the spread of information (Veldkamp 2006), strate-
gic complementarities (Hellwig & Veldkamp 2009, Zenou 2016), and psychological models,
such as diagnostic expectations (Bordalo et al. 2021) / extrapolation (Glaeser & Nathanson
2017). Models for the impact on observable network ties on asset price fluctuation (for a
prominent example see Golub & Jackson (2010)) are less relevant for this thesis, as we focus
on the average informational content shared by peers. I, therefore, adopt a model framework
with strategic information complementarities and extrapolation. I also demonstrate how
my estimates can be used in conjunction with existing models for bubbles to understand the
role that social dynamics play in bubble formation (Barberis et al. 2018, Hirshleifer 2020).
The goal of extending existing models to the current setting is to: i) explain a setting in
which investors share their strategies, ii) justify the observed negative relationship between

investor sentiment and returns, iii) explain channels through which investor information

sharing online can impact markets — such as through heavy tails in the popularity of certain
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content, or through the formation of asset bubbles.

A different strand of literature in the computational social sciences aims to model on-
line collective dynamics (Bacaksizlar Turbic & Galesic 2023, Jusup et al. 2022, Nguyen et al.
2012, Becker et al. 2017, Kubin & Von Sikorski 2021), with several works focusing on in-
vestor forums specifically (Mancini et al. 2022, Lucchini et al. 2022). Researchers have
also scrutinised the interactions of heterogeneous agents in stock markets, following many,
sometimes adaptable, rules(Lux 1998, Hommes 2021), with some papers focusing on so-
cial dynamics specifically (Kirman 1993, Avery & Zemsky 1998, Cont & Bouchaud 2000).
A highly relevant branch of literature considers market evolution and market ecology as a
way to understand changing market conditions (Scholl et al. 2021, Farmer 2002). However,
no studies have attempted to apply a complex systems approach to better understand the
emergent financial dynamics driven by online investor discussions. This thesis presents an

analytic approach and empirical methodology to help address this gap.

2.4 Text as Data

Textual analysis has long been viewed as an important analytical method and data extrac-
tion technique. In this thesis, I focus on three important areas of development: sentiment
and stance detection, topic modeling and economic applications. I contribute to the field
of stance detection in Chapter 7 where I analyze the performance of various NLP method-
ologies when applied to stance detection to noisy social media data. I observe that state-of-
the-art deep-learning architectures fail to perform well at this task and develop a dataset
designed to train and improve these models. My analysis of social media and finance tests
several tools for sentiment detection in the financial, social media contexts and leverages
the output as an important component underpinning the rest of my analysis. A substantial

part of this thesis was developed before the prevalence of ChatGPT (OpenAl 2023) and later
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LLMs (Jiang et al. 2023), however, I run several tests on this latest group of models and also

discuss their performance.

Topic Models Topic models are often employed to map out the distribution of information
in a textual corpus (Blei et al. 2003, Angelov 2020). In economics and finance, they are used
to uncover the latent discursive directions that individuals can follow when expressing an
opinion, which allows researchers to quickly detect salient points in the discourse and use
them as signals for downstream analysis (Gentzkow et al. 2019). However, prior work in the
financial / social media space leverages older topic models which do not make full use of the
new modelling capacities offered by large language models (LLMs) (Schou et al. 2022). In
this thesis, I demonstrate how latest developments in the LLM space, in combination with

network tools, can yield novel insights.

Sentiment Detection A similar, important task that has gained attention is extracting in-
dividual sentiment from a piece of text. The goal of this thesis is specifically focused on
classifying finance-related social media posts with respect to the author’s outlook on an as-
set: bullish, bearish or neutral. Previous papers have either relied on counting keywords
(for example, ‘buy’, ‘sell’, ‘call’, ‘put’ etc. Buz & de Melo (2021), Bradley et al. (2024)), or
they have used off-the-shelf rule based sentiment classifiers (Wang & Luo 2021), such as
VADER (Hutto & Gilbert 2014). The advantage of such approaches is their simplicity, but
they have several problems. Choosing keywords/phrases is inherently arbitrary — such an
approach could easily miss posts that are clearly positive/negative because they don’t con-
tain the required keywords, and it is vulnerable to mistakes when authors negate phrases
in the dictionary (e.g. ‘calls are going to be worthless’). Algorithms like VADER, by con-
trast, lack the specific domain vocabulary of the WSB forum, hence their performance can

be quite poor (Wang & Luo 2021). To resolve these issues, I leverage a deep-learning, fine-
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tuning approach from the transformers-based pre-trained BERT model (Devlin et al. 2018,

Araci 2019).
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Chapter 3: The Social Investor: What is WallStreetBets?

3.1 WallStreetBets Overview

Reddit, launched in 2005, is a social news aggregation, web content rating, and discussion
website. It was ranked as the 8™ most visited site globally in March 2024,' with over 268
million anonymous, active, weekly users.” The website’s contents are self-organised by sub-

ject into smaller sub-forums, ‘subreddits’, which discuss a unique, central topic.

Structure of WSB  Within subreddits, users publish titled posts (called ‘submissions’), typ-
ically accompanied with a body of text or a link to an external website. These submissions
can be commented and ‘upvoted’ or ‘downvoted’ by other users. A ranking algorithm raises
the visibility of a submission with the amount of upvotes it receives, but lowers it with
age. Therefore, the first submissions that visitors see are i) highly upvoted, and ii) recent,
with the precise algorithm considered private intellectual property.” Comments on a sub-
mission, visible to anyone, are subject to a similar scoring system, and can, themselves, be

commented on.

Features The WSB subreddit was created on January 31, 2012, and reached one million
followers in March 2020.* As per a Google survey from 2016 (later reinforced by more re-
cent surveys”), the majority of WSB users are ‘young, male, students that are inexperienced
investors utilizing real money (not paper trading); most users have four figures in their

trading account’.® Individuals on the forum discuss and express their sentiments about

Thttps://www.similarweb.com/top-websites/

Zhttps://backlinko.com/reddit-users

3https://www.reddit.com/r/help/comments/717686/order_of_posts/

4https://subredditstats.com/r/wallstreetbets

Shttps://www.reddit.com/r/wallstreetbets/comments/a2qvij3/wsb_demographics_survey result
s_a_portrait_of/

®https://andriymulyar.com/blog/how-a-subreddit-made-millions-from-covid19
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stock-related news. In addition to market discussions, there is ample evidence of users pur-
suing the investment strategies encouraged in WSB conversations. Users post screenshots of
their investment gains and losses, which subreddit moderators are encouraged to verify — a
dynamic reminiscent of Shiller’s (2005) description of an asset bubble. The discussions are

whimsical, but mostly investment-focused.

o @ r/walistreetbets ol
8 $PLTR was an absolute game changer for me

w NYClooking to buy Canadian vaccine. Puts on NVAX o
[ Stocks |
https://www.thepharmaletter.com/article/ny-mayor-bloomberg-backs-canadian- & Balances
drugs
TL:DR More and more politicians will agree that purchasing a vaccine from Canada Account value / Today's net change
can be faster than using domestic manufacturers. 30% of Novavax revenue relies
on vaccinating US patients. Stock bonfire!!!! $831611'55
NVAX $20P 03/08 $53,510.55 (177.77%)
% 0 Conmmis W) S hmt @ T 1 St O B Repen @ Show balance history

o InvestorM

. This is old news i
™ ) Positions 5:0\3
Custom Columns Compact View
o Xz
™\ The vaccine is not 30% of NVAX revenue.... Day Day
Symbol Gain $ Gair Price Chg $
L]
GILD 1,204.9999 53.67% 0.6900 0.2409
»' WsBFan 5,000
", He said the word bonfire though.... | am not 100% certain what this means in this context, INTC .
but I'm convinced i e00 1,079.99 24.82% 362 071
b PLTR Oct 16
2020 20 Call 740599 231.87% 53.00 37.02
2
W jan2345 PLTR Jan 21
™ The petition might be old news, but the fact that other states are now joining in, including 2022 20 Call 743599 232.81% 53.15 3717
a huge state like New York might have impact 2
] PLTR

32,891.99 152.40% 90.79 54.81 !

600

' BonfireRagerrrr

"\ I LOVE THE BONFIRE!!! 91 L
» ® 253 Comments &3 Give Award A Share R Save @ Hide M Report
(a) A typical discussion on WSB (b) A sample screenshot of user profits

Figure 3.1: What does WSB look like? These snapshots display typical discussions on WSB.
The exact text, usernames, and conversation details have been modified to protect user iden-

tities.

Figure 3.1a displays a typical exchange on the WSB forum: individuals discuss stock-
related news and their sentiments on whether this will affect stock prices in the future. In
addition to market discussions, there is ample evidence of users pursuing the investment
strategies encouraged in WSB conversations. Users post screenshots of their investment
gains and losses, which subreddit moderators are encouraged to verify, as illustrated in

Figure 3.1b.
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Available data We downloaded WSB data using the PushShift API.” PushShift records all
comment and submission data at the time of creation. We collect data from the inception
of the forum in April 2012 up to 24 June 2022. The full dataset consists of two parts. The
first is a total of 1.4 million submissions, with their authors, titles, text and timestamps. The
second is comprised of 16.5 million comments, with their authors, text, timestamp, and the
identifier of the parent comment or submission. Submission and comment numbers have
grown exponentially since 2015.

For my analysis in Chapters 4, 5, 6, I rely on shorter sample of data spanning from Jan-
uary, 2012 to July, 2020 — consistent with the time period when the analysis was performed
(and later reinforced by experiments on the full dataset spanning mid-2022). Importantly,
the results of this analysis do not hinge on the 2021 GameStop (GME) short squeeze.

A key remaining question is the broader relevance of this data and continued behaviours
similarly to the ones exhibited on WSB. We present evidence of the increased popularity and

continued importance of the social trader in Appendix 3.A.

Identifying assets The following chapters predominantly rely on submissions for text
data, since they are substantially richer than individual comments. Comments are used
to trace interactions between discussants. In order to understand how users discuss specific
assets, we extract mentions of tickers from the WSB submissions’ text data. A ticker is a
short combination of letters, used to identify an asset on trading platforms. For example,

‘AAPL refers to shares in Apple, Inc.

Sentiment model Our goal, with regards to the text data in WSB, is to gauge whether dis-
cussions on certain assets express an expectation for their future price to rise, the ‘bullish’

case, to fall, the ‘bearish’ case, or to remain unpredictable, the ‘neutral’ case. Among

"https://pushshift.io/
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Predicted Label

- 0 +
-164% 28% 7%
0| 6% 77% 17%
+ 6% 27% 67%

True Label

Table 3.1: Fine-tuned FinBERT confusion matrix: We use 10% of our hand-labeled data
to test the performance of FInBERT on out-of-sample sentiment prediction. The results
highlight the model’s ability to predict sentiment with reasonably high accuracy.

other alternatives, we pursued a supervised-learning approach to identify the sentiment
expressed about an asset within a WSB submission. This required a training dataset, for
which we manually labelled 4,932 random submissions with unique ticker mentions as ei-
ther ‘bullish’, ‘bearish’ or ‘neutral’ with respect to the authors’ expressed expectations for
the future price. We used the FInBERT algorithm for labeling (Araci 2019) - a financially
oriented modification of Google’s Bidirectional Encoder Representations from Transformers
(BERT) algorithm (Devlin et al. 2018).

We trained FinBERT on 75% of the labelled data, and used the remaining 25% for vali-
dation and the test set. Table 3.1 plots the out-of-sample confusion matrix. For the out-of-
sample test, we train FInBERT on 75% of the available data and use 15% for validation; we
then compute what the algorithm predicts for the remaining 10% of data. We achieve 70%
accuracy on the test set. This is better than a LASSO regression’s accuracy or sentiment dic-
tionary, which were implemented separately and are not cover here. We test several other
more recent large language models, for example Mistral 7B (Jiang et al. 2023), and do not
observe in a significant improvement in performance (though context-enhanced LLMs, such
as Zhu et al. (2021), have potential to improve the performance - we leave this for further re-
search). Here we present the results of our data analysis preceding the GME short squeeze;
The analysis in Semenova et al. (2024) shows the sentiment extraction produces consistent

results for the entire dataset spanning mid-2022.
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Key sentiment variable The sentiment classifier assigns three probability scores to each
submission about a ticker: the probability of a submission being bullish, P(¢ = +1), bearish,
P(¢ = —1), neutral, P(¢ = 0). The probabilities sum to one. At the time t when an author i
posts about asset j, we use the probability scores above to calculate a continuous sentiment

score between (—oo, ):

1 (P(¢i,j,t:+1)) (3.1)

D ==1
L I VTP p———

Submissions labeled as bullish (P(¢ = +1) = 1) (or bearish (P(¢ = —1) = 1)) are set to P(¢ =
+1) = 0.98 (or P(¢ = —1) = 0.98) to retrieve a finite value for the log-odds. For certain
exercises, we assign three categorical variables (bullish, bearish, neutral) to a submission’s
sentiment, encoded with a one if the corresponding label received the highest probability
from our classifier. As such, this categorical variable qbl+]1 , will be equal to one is author i’s
post about asset j at time ¢ is categorised as bullish; cj)?’j’t and (j)l_]lt will be zero. We leverage
these variables to investigate investor sentiment throughout the thesis.

We argue that the error rate and distribution of errors from our sentiment classifier are
appropriate for the task we study. In most of our analysis, we use a continuous transfor-
mation of the sentiment — the log-odds of bullish over bearish sentiment. In our confusion
matrix, we observe that the model mistaking bullish for bearish sentiment and vice-versa
is rare: 7% in the former case and 6% in the latter case. The model has a greater diffi-
culty distinguishing positive/neutral and negative/neutral, however, this is expected, given

the continuous nature of language — fortunately, these errors have a lesser impact on our

analytical result. We observe human annotator-to-annotator disagreement of 10%.
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3.2 WallStreetBets Forum Dynamics

In this section, we characterise the discussion landscape of the WSB forum. We consider
how assets are related on WSB in terms of topic and user interest. Additionally, we explore
the relationship between WSB and markets through studying the returns preceding and
following posts. As explained earlier in this section, Chapters 4, 5, 6 primarily rely on data

spanning July 2020; this section consider the full dataset through June 2022.

3.2.1 The topic landscape of WSB

We use the Bert LLM Topic package to perform topic modelling on WSB, which accounts for
non-linear semantic similarities between texts which go beyond word-level co-occurrences
(a limitation of traditional topic models) (Angelov 2020). This model gives us a mapping
from each post in the sample to a learnt set of topics. Each topic has a unique set of rep-
resentative terms associated with it, and posts are mapped to topics based on how well the
text within the post matches that of a particular topic. Figure 3.2 highlights our key find-
ings from employing the BERT topic model: Figure 3.2a present some of the key topics of
discussion on WSB, while Figure 3.2b displays their prevalence on the forum over time.
Each post within WSB is given a probability vector whose length is equal to the number of
extracted topics, identifying the extent to which the post is associated with different topics.
For example, a post which discusses pharmaceutical companies and how they will profit
from the COVID vaccine will be given a higher probability of being associated with topics
35 (COVID) and 36 (vaccine approvals).

Figure 3.2b is constructed by first splitting our dataset into months and then calculating
the fraction of the discourse dedicated to that topic within that month for the ten most
popular topics. The span of topics covered here is a subset of the overall topics identified by

the model, which serve to illustrate the key areas of attention for the forum across time. We
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(a) Sample of Representative Topics Discussed on WSB; the figure displays topics and the frequency
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Figure 3.2: The WallStreetBets Discussion; we present several representative topics from
WSB in Figure 3.2a, as well as their relative importance within the forum in Figure 3.2b.
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note that several topics and their prevalence follow news, such as CORONAVIRUS (topic 35)
which appears in March 2021 and VACCINE (topic 36), which are more prevalent during
the introductions of the first COVID-19 vaccines in end of the year 2021. The topic model
also tracks the emerging focus of the forum on so called ‘meme stocks’ such as TESLA (topic
0), PALANTIR (topic 3), and BLACKBERRY (topic 16). Contrary to other transient topics,
we detect a persistent interest of the forum in SPY ( S&P500 ) as noted by the prevalence of

topic 1, which represents attention toward the overall state of the market.

3.2.2 How are assets related to each other on WSB?

The WSB forum is uniquely suited to study the relationships between assets, as they are
perceived and discussed together by retail investors. We choose two methods to map the
relationships between assets and to create a ticker-to-ticker network structure: the Topic
Network approach and the Submission Network approach. The Topic Network uses the fre-
quency with which assets are discussed within the same topics to create inter-asset con-
nections, indicating that investors perceive the assets to be influenced by the same general
financial trends. The Submission Network tracks which groups of investors are interested in,

and create submissions about, the same assets. We describe both approaches below.

Topic Network In the Topic Network approach, we link assets based on the frequency with
which they are mentioned in the same set of topics. The intuition behind the approach rests
on the idea that assets that are discussed within the same financial topics are likely related
to each other through some underlying fundamental relationship.

We explain our intuition through a simplified example. Let us consider two assets: i)
interest rate swaps and ii) bonds. We extract a topic from our topic model about the FED,
and we observe that both bonds and interest rate swaps are frequently brought up in posts

that are labeled with the ‘FED’ topic. This is unsurprising, given the fact that FED decisions
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(a) Topic Network construction illustration
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Figure 3.3: Network Construction; we demonstrate how links are identified between assets
in the Topic Network and Submission Network.

would strongly affect the valuations of both bonds and interest rates swaps. In our Topic

Network exercise we would place a connection between bonds and interest rate swaps, since
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they are linked by the ‘FED’ topic. This intuition can be extended to better understand
the meaning behind the tickers linked through out topic model: they are tickers that are
frequently brought up under the same topics, indicating that they are linked through some
underlying economic discussion theme.

Figure 3.3a provides a toy example. TSLA and SPY are connected because they are both
mentioned in the topic discussing the overall stability of the market (market topic); SPY and
APPL are connected since they are both discussed in conjunction with the FED topic.

In practice, we also add a thresholding step when constructing links between tickers
based on overlapping topics. We select the top 50 topics, ranked by frequency of appearance
in posts. This means that we only count a topic if it is represented often enough across our
dataset. We then count all the topics that correspond to a given ticker and we keep the
topics that are present in 20% or more posts related to that ticker — this is done to filter out
less important conversations about assets. The filtering leads us to drop tickers whose topic
distribution is very diffuse, meaning that discussions about it do not have consistency. As a
prime example, this leads us to drop GME from our topic network as the topic distribution

in GME posts is too dispersed.

Submission Network The community structure within WSB offers a different perspective
on how assets are related within the forum. To construct our submission network, we look
at the overlap of users who create posts about two assets. Two assets are linked if there is a
sufficiently large fraction of users discussing both assets simultaneously.

Figure 3.3b provides a simplified example. We observe a subset of users creating posts
about TSLA and SPY simultaneously, and a different group of users writing about AAPL
and SPY. However, we do not observe the same users creating posts about TSLA and AAPL.
Therefore, we create two links: TSLA / SPY and AAPL / SPY.

In practice, our network construction exercise is slightly more complicated. We create
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weighted links between assets, normalized by the total number of users mentioning each
asset. This means that if asset A is discussed by ten users, and all of them also post about
asset B - we would create a link with weight one from asset A to B. However, if 10,000 users
posts about asset B, we would not create a link back from B to A, since only a negligible
fraction of posters about B care about A. Therefore, the total weight of the link between A
and B would be 1 from the first created link. In practice, our threshold for including a link
in our weight calculation is 20% — at least 20% of users posting about one ticker must be
posting about the other ticker. Relating this back to Figure 3.3b, we observe that three out
of seven SPY posters also post about AAPL (weight 3/7) and that three out of five AAPL
posters post about SPY (weight 3/5) — the total weight for the link between AAPL and SPY
would, therefore, be 3/5+3/7. We filter our submission network to contain tickers that are

mentioned at least 150 times on the forum.

3.2.3 Asset network structures

Table 3.2: Subset of Clusters extracted from the Topic Network

Total No.
Cluster | Popular Tickers within Cluster Posts | of Tickers
0 AMZN, SNDL, HMNY, MVIS, WISH, CLNE, CCL, DKNG, SUNE 12,373 41
1 AAPL 2,530 1
2 MSTX, AVXL, MNKD, OPK, AMDA, AUPH, SENS, AMRN, ADMP | 3,312 44
3 BB, BBBY, BNGO, BRK, BBY, DB, BLNK, ABNB, BBW, BTT 9,898 12
4 MU, TLRY, ACB, CGC, APHA, CRON, AMAT, MO, OGI, HEXO 6,557 17
5 NFLX, SQ, ATVI, PLUG, WMT, SBUX, LULU, CRM, CMG, MCD 10,045 72
6 FB 1,580 1
8 SNAP, NVDA, NAKD, NAK, FSLY, TTD, DBX, KR, TWLO, GNC 5,763 35
9 AMC 19,686 1
11 NOK, RKT, WKHS, ZOM, QS, SRNE, TRCH, ASO, LFIN 11,349 33
13 MSEFT, MS 1,849 2
14 NIO, XPEV 2,160 2
15 INO, OCGN, PFE, NVAX, MRNA, CVS, JNJ, AZN, VXRT, TEVA 2,474 13
16 BABA 1,175 1
18 USO, UVXY, CHK, WTI, XOM, SVXY, NAT, RIG, UCO, BP 1,001 12
19 SPY, TSLA, AMD, PLTR, SPCE, NKLA, QQQ, PRPL, GM, ROKU 28,438 30

Topic Network — Results Figure 3.4a presents our Topic Network — links indicate which
two tickers are likely to be mentioned together within the same economic discussion topics.
A list of tickers and their associated clusters are presented in Table 3.2. We observe that
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Figure 3.4: Extracted Networks from WSB; we illustrate the ticker networks extracted using
both the Topic Network and Submission Network approaches. Clusters of closely connected
tickers are extracted using the Leiden algorithm from (Traag, Waltman & Van Eck 2019) and
highlighted with the same color in both networks. In Figure 3.4a, ticker nodes are scaled
by the relative size of their number of posts; only the top 50 most mentioned topics are
displayed. In Figure 3.4b, nodes are scaled by the number of connections they have.



larger and frequently discussed companies, such as AMC, have more cohesive topics which
are not referenced in many other companies’ posts. Therefore, the posts of several tickers
are isolated from the main connected component of the topic network. These includes:
AAPL (cluster 1), FB (cluster 6) AMC (cluster 9), and BABA (cluster 16). We interpret the
isolation of these network components as the result of a systematic use of a limited and
distinct set of topics when discussing these stocks. A post about AAPL will mobilise only
topics similar to other AAPL discussions: focusing the attention of readers more narrowly
on discussion points unique to Apple Inc as opposed to the wider market. Contrary to
that, smaller companies tend to have a more central position in this network, and are often
connected to stocks with higher market caps. This is visible by the more spread out cluster
19, which encompasses a variety of both smaller and larger companies as well as ETFs, likely
connected through broader discussions about the economic climate.

Additionally, we find smaller clusters of assets related to a narrow set of economic
themes within the market. A prime example of this is cluster 15, including INO, OCGN,
PFE. These firms are likely linked by the same topics of drug discovery, FDA approvals and
the COVID vaccine, in a way that is distinct to this particular group of assets.

We use our Topic Network as a distance mapping between firms that takes into account
their ‘discursive environments’. We interpret tickers belonging to the same cluster as an
indication of greater similarity within their discussion topics. Consequently, belonging to
the same cluster could be an indicator of a more correlated information set driving returns

for all assets within the cluster.

Submission Network — Results Figure 3.4b presents the results of a clustering exercise
on the Submission Network. We observe that similar assets appear to be mentioned within
the detected clusters — implying that individuals self-select into discussions about certain

asset categories. Said differently, a distinct group of investors is interested in marijuana
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stocks to those discussing the cruise line industry. This is perhaps most pronounced in the
small cluster of gold ETFs containing JNUG, NUGT, JDST - cluster 8. Several other smaller
clusters, dominated by a niche sector, are also visible in clusters 0, 3, 8, 9. We observe
a large cluster around the SPY ETF and TSLA (cluster 4), as well as a large ‘meme stock’
clusters around GME (cluster 5). We observe a distinct cluster with some large, popular
tech stocks including AAPL, FB, MU, AMZN, AMD (cluster 2). In Appendix 3.B, we explore
the correlation among assets in different clusters, as well as returns to WSB advice within

the different clusters.

Returns and Correlations across Clusters In our Submission Network, we observe that dis-
tinct groups of investors are interested in different types of tickers: some users come to WSB
in order to discuss pharmaceutical companies, while others are interested in trading natural
resource ETFs, or airline stocks. For this reason, tickers clustered through the Submission
Network tend to have returns that are highly correlated — clustered assets appear to have an
average return correlation of greater than 0.2, while assets across our entire dataset appear
to Figure an average correlation of 0.16. The most highly correlated asset returns appear to
be within clusters 0, 6, and 9: the returns of the assets within these clusters Figure correla-
tions of 0.80, 0.84 and 0.60, respectively. The average next-day returns of investing accord-
ing to the extracted sentiments within submissions is statistically significant and negative
across most clusters. The most negative average returns are exhibited within clusters 0 and
5; average returns of submissions in cluster 7, on the other hand, are statistically significant
and positive. This demonstrates that most investors on WSB lack insights into future mar-
ket moves. Notably, investors into the ‘hype’ cluster tend to lose the most. However, niche
groups of investors may have worthwhile market insights — as demonstrated by returns for
cluster 7. Appendix 3.B present returns to trading according to WSB advice and correlations

across submission clusters.
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A similar pattern can be observed from the Topic Network clusters. Investing according
to the sentiments of submissions within most topic clusters results in a statistically signif-
icant, negative average next day return. However, similarly to our observations from the
Submission Network, certain topic clusters Figure positive daily returns, on average: cluster
1 containing AAPL, 13 containing MSFT and MS, 14 containing NIO and XPEV (two electric
car makers), and 16 containing BABA. We notice that smaller clusters with fewer assets per-
form better than much larger clusters, again demonstrating that the forum as a whole may
lack market insights, however specific topics and groups of investors may have promising
insights. In Appendix 3.B we present returns to trading according to WSB advice across

topic clusters.

3.2.4 Returns preceding and following posts

What are the characteristics of assets returns before and after they are mentioned on WSB?
Is there any evidence that WSB users can predict returns, or are they trend followers just

like other retail investors?

Framework We consider how asset prices are changing shortly before and after posts on
the forum. We perform two types of analyses: i) looking at the cumulative log-return in the
days surrounding a post, and ii) looking at the cumulative abnormal return. we follow the
methodology of (Wan et al. 2021), which analyzes market movements around news events
by looking at changes in abnormal return (AR). AR is derived from the Capital Asset Pricing
Model (CAPM) (Fama & French 2004), which describes returns for company i at time ¢ as
follows:

Ti,t = Olt+[)’t1’m't+€i’t. (3.2)

30



Here r; ; is the log-return in the price of stock i on day ¢ compared with the previous day,

Pit
Pit-1

where 7; ; = log( ) and p; ; is the adjusted close stock price. r,, ; is the return of the market
(in our case, we use the S&P 500), hence p captures stock price moves that are driven by
movements in the wider market. «; ; captures stock over/under-performance relative to the
market. €;, is a stochastic error term, often referred to as abnormal return (AR).

AR tends to have high magnitude in the presence of sudden price shocks (for example,
a news story about a particular company), and hence it is often used for event detection in
financial markets. In our case, it is useful for assessing if WSB sentiment is able to provide
indication about a future price shock. We fit the CAPM model to each stock and day in

our data, using a moving 180 day window. Following (Wan et al. 2021), we calculate the

seven-day cumulative abnormal return (CAR) in stock i preceding day t:

CARi,t = 61' te (3.3)

t
-6
Once we round the timestamp of a WSB submission to the nearest future market close time,

we can match the CAR for each company/time to the WSB data, along with a time series of

how the CAR changed over the 14 trading days preceding and following a WSB post.
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(a) Seven Day CAR (b) Seven Day Cumulative Returns

Figure 3.5: Average seven-day cumulative return and CAR in 14 trading days around a
submission, grouped by post sentiment (the red line displays the returns / CAR for bearish
post sentiment, green line displays bullish, and grey line displays neutral).
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CAR and Returns Results Figure 3.5 shows how the average seven-day cumulative ab-
normal return (CAR) and cumulative seven-day returns 14 trading days before and after a
submission. Figure 3.5a shows the CAR plots for all WSB posts, while Figure 3.5b studies
returns. We observe the following: firstly, CAR tends to be rising up to the submission date,
and rapidly declines afterwards. This suggests that WSB activity tends to follow significant
price changes in the market, rather than providing a leading indicator of price changes. Sec-
ondly, the shape of the curves are quite similar, regardless of sentiment breakdown - it is
primarily the magnitude of the CAR that differs. This suggests that high CAR and returns
are associated with more posts of any sentiment, although the effect is more pronounced for

bullish posts.
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Figure 3.6: Average seven-day CAR in 14 trading days around a submission for specific
stocks, grouped by post sentiment (the red line displays the CAR for bearish post sentiment,
green line displays bullish, and grey line displays neutral). CAR plots for twenty of the most
popular stocks on WSB are presented in an interactive dashboard.

We present a breakdown of the CAR plots for twenty of the most popular stocks on WSB
in an interactive dashboard.® The results show that the pattern presented in Figure 3.5a is
most prevalent for ‘meme’ stocks with a low market capitalization. Stocks that have a broad
following outside of the WallStreetBets forum, such as AAPL or MSFT, the CAR appears
flat before and after submissions. Figure 3.6 displays an excerpt of these results. In an
extension of the research in this thesis, we use the data to estimate the degree of trend-

following and peer effects for different assets and observe that the two effects can have very

8https://sites.google.com/view/wsbtrialsite
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different magnitudes for different assets within the forum.
An alternative set of experiments in Appendix 3.C underscores our findings that prices

tend to run-up shortly before a post and decline after.
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Appendix

3.A How prevalent are hype traders?

Robinhood #

Learn how to get up to

$1,700 in FREE STOCK

when you open an account!

Win one of 20 £500
free share bundiles.

7 Freetrade

Terms and conditions apply.
£1 minimum deposit,
Capital at risk.

(a) Trading platform ad - example 1 (b) Trading platform ad - example 2

Ly <

SPORTS NEW CUSTOMER OFFER

o i i
i [ ]
Invest in stocks == d
E with as little as £1 -

*New customers only. This offer is valid for 7 days from your new account being registered. Min
Deposit: £10. First deposit matched up to £10. 1 x wagering at odds of 1.75+ to unlock Free Bet.
Debit Card deposits only (exclusions apply). Free bet will expire 7 days after the 1st deposit. 18+.

BeGambl, .org. Bet The ible Way. Full Terms apply

* 20 commission, £0 fees

(c) Trading platform ad - example 3 (d) Gambling ad

Figure 3.A.1: Sample trading and gambling advertisements; We note the similarity in the style in certain
trading advertisement to that of a gambling advertisement - encouraging the retail trader to get ‘hooked” with
an initial free share offering, or to get in with virtually no money in their account.

This study focuses primarily on the WSB discussion forum. However, a potential out-
standing question is whether our findings extend to the broader trading population. We
present several facts to support the broader relevance of our findings. Firstly, we note that
anonymous stock market related forums have skyrocketed in their popularity. WSB, as we
had noted previously, has experienced exponential growth and currently boasts fourteen

million followers — putting these numbers into perspective, The Times newspaper recently
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boasted 7.5 million subscriptions.” However, retail trader appetite for the hype is not sa-
tiated, as new forums are gaining popularity: r/StockMarketlLeakz was one of the top-
growing subreddit forums, while r/personalfinance, r/CryptoCurrency, r/bitcoin,
r/stocks are all among the top 100 forums by number of subscribers, as of July 2023.

The rise of hype traders has not gone unnoticed as a prospective business opportunity
with a tremendous rise in the number of retail trading platforms. Even though many cite
long-term investment as a key reason to join, others use an advertisement approach with
clear parallels to the gambling industry: offering a free trade or a free stock upon taking up
the platform, or to trade with virtually no initial money in their account, as shown in Fig-
ure 3.A.1.191112.13 Other trading platforms, in turn, provide investors the opportunity to
seamlessly execute upon the social and psychological biases studied within this text: ‘Copy-
Trader’, for example, on the platform eToro allow investors to automatically copy the trades
of others. A recent report by the UK Parliament discusses several important anecdotes point-
ing to the future relevance of this study: i) UK’s largest investment platform, Hargreaves
Lansdown, reported a 40% jump in net new business in the final six months of 2020, ii) the
average age of platform users has dropped from 54 in 2012, to 47, reflecting a rise in younger
investors (which are more prevalent on discussion forums, such as WSB), iii) Trading 212
(a different platform) announced on 2 February 2021 that it would temporarily pause new
account openings due to huge demand.'* Even though investor discussion forums have had

an influence on markets in the past, evidence points to the fact that the popularity of WSB

https://www.nytimes.com/2021/02/04/business/media/new-york-times-earnings.html

O0https://www.wallstreetsurvivor.com/robinhood-free-stock/

Uhttps://freetrade.io/legal/ps500-free-share-bundles-april-2022

121 ttps://europel.discourse-cdn.com/business20/uploads/trading212/original/1X/0d0133c0864
441¢22£d265d247422b8d5c37e5c¢h. jpeg

Bhttps://talksport.com/sport/betting-tips/1304509/sports-betting-offer-premier-league-r
acing-free-bets-betway/

Yhttps://commonslibrary.parliament.uk/the-rise-of-armchair-retail-trading-risks-and-reg
ulation/
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has permanently altered the composition and behaviour of traders!®> and has changed the

dynamics of financial markets, as evidenced in this paper.

3.B Clusters and Returns

Author Clusters We observe eleven investor clusters, where assets are connected to other
assets based on whether a similar subset of authors interacts in discussions about both assets
simultaneously. In this section, we investigate the profitability of investors on WSB within
these different clusters, as well as the correlation of asset returns within these clusters. We
remind the reader of the most central assets within each of the discussion clusters: 0) DAL,
UAL, 1) PLTR, 2) AMD, AAPL, MU, 3) SLV, GLD, 4) TSLA, SPY, 5) GME, AMC, 6) CCL, RCL,

7) LMT, BA, 8) JNUG, NUGT, 9) TLRY, CGC, 10) NKLA.

Table 3.B.1: Distribution of Log-Returns for Investor Clusters; we present some summary
statistics for the next day log-returns for a portfolio invested according to the sentiment
of submissions in different asset clusters on WSB as presented in our Submission Network.
The table presents several summary statistics, as well as the p-value for the mean of the
distribution to be equal to zero. Cluster 8 has insufficient observations and, therefore, is not
considered.

Within Cluster
% o  kurtosis p-value # posts | Asset Correlation
Cluster
0 -0.0211 0.09  1.99 0.00 593 0.80
1 -0.0101 0.09  1.58 0.00 5,567 0.36
2 -0.0016 0.04 18.23 0.00 14,089 0.22
4 -0.0012 0.07  44.03 0.04 13,006 0.23
5 -0.0791 0.44 1.56 0.00 61,787 0.17
6 0.0062 0.10  5.99 0.21 398 0.84
7 0.0077 0.09  2.32 0.00 2,324 0.35
9 -0.0241 0.21 3.81 0.00 867 0.60
10 -0.0095 0.12 1.34 0.11 430 0.10

Table 3.B.1 presents our key result. We observe that portfolios built using opinions from

WSB fairly consistently loose money. The tendency is particularly stark in the “meme” stock

https://markets.businessinsider.com/news/stocks/reddit-retail-investor-trend-survey-soc
ial-media-wallstreetbets-wsb-stock-2021-4-1030366600
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cluster — cluster 5. This perhaps highlights the tendency for less sophisticated investors to
participate in conversations surrounding these assets. A distinct, more profitable cluster
appears to be cluster 7. Unlike several of the other asset clusters, the assets appear to be
more loosely connected, even though a potential unifying theme of large-scale engineer-
ing / space exploration is noticeable, since the cluster contains BA (Boeing), LMT (Lock-
heed Martin) and SPCE (Virgin Galactic Holdings). This analysis, in combination with our
portfolio-building exercise with DD posts, highlights that overall investors on WSB appear
to be trend-followers and fail to predict the market, however, small pockets of investors may

have meaningful insights and outperform the market.

Table 3.B.2: Distribution of Log-Returns for Topic Clusters; we present some summary
statistics for the next day log-returns for a portfolio invested according to the sentiment
of submissions in different asset clusters on WSB. The Table 3.B.2 below presents several
summary statistics, as well as the p-value for the mean of the distribution to be equal to
zero. The clusters of GNUS (cluster 7), GTE (cluster 10), MGNI (cluster 12) and RC (cluster
17) are not considered as they do not meet a minimal threshold of 1000 posts.

U o  kurtosis p-value # posts # tickers in cluster
cluster
0 -0.0135 0.14 10.60 0.00 12,373 41
1 0.0027 0.03  4.33 0.00 2,530 1
2 -0.0211 0.13 9.57 0.00 3,312 44
3 -0.0301 0.18 2.71 0.00 9,898 12
4 -0.0168 0.13 21.04 0.00 6,557 17
5 -0.0005 0.06  30.90 0.41 10,045 72
6 -0.0018 0.03 17.60 0.03 1,580 1
8 -0.0029 0.06  58.04 0.00 5,763 35
9 -0.0639 0.37  0.57 0.00 19,686 1
11 -0.0742 0.16  3.63 0.00 11,349 33
13 0.0023 0.02 4.06 0.00 1,849 2
14 0.0130 0.09 1.60 0.00 2,160 2
15 -0.0095 0.13  10.90 0.00 2,474 13
16 0.0026 0.03 2.69 0.00 1,175 1
18 -0.0016 0.06  3.13 0.40 1,001 12
19 -0.0009 0.07  3.41 0.03 28,438 30

Topic Clusters Asset clusters identified by our topic graph isolate either individual tickers
with highly distinct topics in their discussions, or broader groups of clusters with less dis-
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tinct and more widely shared discursive environments; ticker topic clusters are displayed in
Table 3.2. Table 3.B.2 assesses the statistical properties and behaviour of these asset clusters.

We observe, that most of the identified clusters with statistically significant p-values at
the 1% threshold loose money. This suggests that on the whole, as reported above, strate-
gies identified by mining the topic graph loose money. However, similarly to Table 3.B.1,
certain clusters topic clusters exhibit positive daily returns, on average: cluster 1 (AAPL),
13 containing Microsoft and Morgan-Stanley, 14 containing NIO and XPEV two electric car-
makers, and cluster 16 containing Alibaba. We notice that the smaller clusters with fewer
assets perform better than much larger clusters, as they are the only ones displaying positive
returns on average. On one hand, this may be driven by the systematic over-performance of
tech stocks such as AMC, APPL and MSFT over the period. However, not all clusters with
positive returns identified by the topic graph are composed of tech stocks, and conversely,
not all the small clusters have positive returns. This allows us to suggest that tighter, more
focused topic environments may indicate the presence of specialized “pockets’ of investors

with better understanding and insights into the market.

3.C Asset returns around posting activity

We run an additional set of experiments testing the relationship between returns and senti-
ments (this experiment is done on the shorter dataset ending before the GME short squeeze).
We average the sentiment characteristics in Eq. 3.1 by stock j and trading day ¢, denoting
these mean sentiments by (i)j,t — where we are averaging individual author sentiments @; ; ;
as per Eq. 3.1. We merge these daily sentiment observations with US common stock returns
reported by CRSP (detailed in Appendix 4.A), and transform the reported returns into log

returns.
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We first consider a regression of log returns on mean daily sentiment,

it = /\l,TcDj,t+T + 17[ + U;'t, (34)

where v;'t is a residual, #; is a daily fixed effect, and T denotes a lag varying from -10 to 15
days. The OLS estimates for coefficients A r describe how WSB sentiments are temporally
related to stock returns.

Subsequently, we regress daily log returns on current mean sentiments, as well as previ-
ous day sentiments:

T]"t = Alq_)j,t + /\2q_)j,t—l + 1”][ + V;-’!t, (35)

where 7/ is a daily fixed effect, v;t an error term, and A, A, our coefficients of interest. This
specification gives a sense for the dynamic properties of WSB sentiments — leading up to a
trade day, plus their response on that day. In this analysis, we multiply log-returns by 100,

for scaling purposes.

Results Figure 3.C.1 plots the OLS estimates for A, r in Eq. 3.4 as a function of lag T.
Generally, past sentiments appear negatively related with current returns, although the ef-
fect is small, and not highly significant beyond four lags. Current sentiments are strongly
correlated with current and past returns, and this effect is significant for up to five days in
the past, before dissipating. This implies that a large return in an asset today will have a
persistent impact on investor sentiment for five days into the future. Investor sentiments do
not anticipate future returns, but rather follow the trend.

Table 3.C.1 reports OLS estimates for coefficients from Eq. 3.5 in Column 1. Returns

again relate positively to contemporaneous sentiment, and negatively with previous day
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Figure 3.C.1: Returns correlate negatively with past WSB sentiments, and positively with current and
future WSB sentiments; Daily stock log returns are regressed on daily average sentiments expressed in sub-
missions on that stock on WSB, where sentiments are lagged by -10 to 15 days — the estimated relationship is
described in Eq. 3.4. A lag of -5 implies that sentiments precede the returns observation by five days. The
point estimate for the correlation is plotted by the solid black line, with the 99% confidence interval in dashed
black lines. A correlation of zero is highlighted by the dotted red line. All variables are demeaned by their
daily average. Return correlation with past WSB sentiments is negative, but strongly positive with current and
future sentiments. Log-returns are multiplied by 100.

Table 3.C.1: Stock returns versus WSB characteristics

Dependent variable:

(1) (2)

CDj,t 0.60 (0.04) ***

CD]-’H —0.16 (0.02) *** —0.07 (0.02) ***
Tit-1 —0.06 (0.004) ***
CD]-,t_l XTit-1 0.01 (0.01)
Day FE Yes Yes
Observations 8,287,639 8,287,639

R? 0.0004 0.003

Notes: This table presents the OLS estimates for the relationship between stock log returns, ;; and average

expressed sentiment on WSB, CI_Dj,t and <I_>j’t_1. t represents time in days. The regression highlights the existence
of a positive relationship between current sentiments and current returns, and a negative one between current
returns and past sentiments. The negative relationship persists when controlling for previous day returns
rjt-1 in Column (2). Accompanying standard errors, displayed in brackets, are clustered at the stock level,
and calculated in the manner of MacKinnon & White (1985). Log-returns are multiplied by 100.

*** Significant at 1% level ** Significant at 5% level * Significant at 10% level

sentiments. Both of these are statistically significant at the 1% level. However, the implied
effects are relatively small; on an average day, returns are 0.1 log points lower if sentiments
expressed on the previous day are twice more likely to be bullish than bearish.

In Column 2, we estimate Eq. 3.5 with the interaction between lagged, average sentiment
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and lagged returns, to capture a non-linearity for sentiments in stocks that garner exceed-
ingly high amounts of attention. The slight negative relationship between current and past
returns could potentially confound the effect of past sentiment, as seen in the smaller coeffi-
cient for lagged sentiments. However, there is no clear evidence that the interaction between

sentiments and outsized returns produce a significant effect on subsequent returns.
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Chapter 4: Social Dynamics and Mechanisms of Sentiment Formation
What impacts the sentiments of investors active on the WSB forum? This chapter pro-

vides empirical evidence for the existence of two mechanisms — namely peer effects and

extrapolation — among investors on WSB. The chapter that follows explores how these ef-

fects can impact asset prices by extending several models to incorporate these effects.

Estimating equation The target independent variable of interest for studying hype in-

vestor sentiment is the log-odds of bullish over bearish sentiment, modelled as

q)i,j,t:g(z]t"'f(ﬁ tlt)+€1]t (4.1)

We remind the reader that @; ; ; is our log-odds of bullish versus bearish sentiment expressed
by user i about asset j at time f from our supervised ML labeling approach — Eq. 3.1 in
Chapter 3.

An author i chooses a bullish over bearish strategy in asset j depending on: i) a signal
b; i+, and ii) the observed sentiments of peers, qS_i,j,(t_Lt). The goal of this chapter is to better
understand g(-) and f(-). We set out to empirically test: whether f(-) is increasing (indicat-
ing peer effects), the importance of extrapolation in g(-), as well as other potential impacts
documented in cognitive finance (such as reinforcement and surprise). After studying the
mechanisms behind sentiment formation in this chapter, we consider potential implications
for financial stability by developing several models for asset prices in Chapter 5 and empir-

ically test market impact in Chapter 6.

Empirical strategy: consensus formation among investors A key challenge for estimat-

ing Eq. 4.1 is the existence of confounding variables, especially when estimating f(-) — peer
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influence. We, therefore, use two approaches to estimate Eq. 4.1: i) the Frequent Posters
approach, and ii) the Commenter Network approach. Both leverage different features of our
data. For the Frequent Posters approach, we leverage the fact that certain users post multi-
ple submissions about the same asset (hence, frequent) and the quasi-random variation in
exposure to content on Reddit. For the Commenter Network approach, we use instances in
which users comment on others’ submissions in combination with an IV proposed in the
networks literature (Zenou 2016, Patacchini & Zenou 2016, Bifulco et al. 2011) to more

precisely gauge the transmission of sentiments about the same asset.

Consuming content on WSB Understanding the way in which content is consumed by
users on WSB underpins our IV strategies. The options for sorting and filtering content
on WSB are identical across users — put differently, two users who log on at the same time
and choose the same sorting option will be exposed to identical content, regardless of their
own posting or commenting history. Reddit does not have friendship/follower ties within
specific forums.! Individuals cannot filter exposure to certain sentiments over others and
do not receive specific, tailored notifications to view content related to their past comment-
ing or posting history. To illustrate content consumption, consider two users A and B: A
expressed bullish sentiments about AAPL, while B created several bearish posts (or com-
mented on several bearish posts) about the same asset. If both users were to subsequently
view WSB simultaneously (within our sample period), they would be exposed to the same
exact content (verified through Reddit documentation and website AB testing). The posts
that an individual is exposed to on WSB depend on what other anonymous, disconnected
users have posted on the forum shortly before the author logs on, and what topic has re-
cently gained popularity. This exposure of users to different opinions (similar in spirit to

Weidmann & Deming (2021)) allows us to estimate direct peer effects.

'Followership ties on Reddit more broadly and the fact that they do not impact our approach are discussed
in Appendix 4.B.5.
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4.1 Identifying peer influence: Frequent Posters
Log Return of AVXL
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Figure 4.1: Illustration of Frequent Posters Approach using Observations from WSB Data; we observe
user i create two posts about asset j (AVXL). She observes posts of peers between her two posts at time (t — 1)
and t. In our IV approach, we use previous sentiments of peers to predict their sentiments between times (t—1)
and t — leveraging opinions that are formed exogenously to market conditions between (t — 1) and t. Market
returns, as well as ticker fixed effects, are included as a control.

For the Frequent Posters approach, we observe that a subset of authors create at least two
submissions about the same ticker. We quantify peer influence by identifying the impact
of other authors who write submissions about the same asset between an individual’s two
submissions. We use an IV of previous, expressed peer sentiments to control for exogenous
shocks (see Figure 4.1 for an illustration and Appendix 4.B.3 for a Directed Acyclic Graph
(DAG) illustration). Our approach allows us to control for the author’s sentiment prior to
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exposure to his peers, in addition to market moves. We complement this approach with the
Commenter Network approach, described in the next section.

Within WSB, we observe author i initially express a sentiment about an asset j, ®;; ;1)
(the continuous log-odds of a post expressing bullish over bearish sentiment, as per Eqgs.
3.1&4.1), and, subsequently, write a new submission about the same asset at a later time,
with an updated sentiment @; ; ; (where time ¢ is in event time). In the time between these
posts, the author may observe submissions by others on the same asset expressing average
sentiment q_)—i,j,(t—l,t)/ in addition to outside information related to the asset. Our goal is to

identify the effect that expressed peer sentiments have on changing author i’s sentiment.

Reduced form We first estimate the effect of average peer sentiment between an author’s

two submissions with the following linear model:

=1, @ = 2
t = K1Djj1-1,0) + K2DP; j 11 + K37 + KaTj t + K50]

) 2,

ij, + K6X]' + €ij,tr (42)
where the controls include: stock-specific fixed effects X;, author i’s past sentiment @; ; ; 1,
stock log returns on the day of the author’s post r;; and the five days prior 7;;, the variance

in log returns on the five days prior to the author’s post (7]-2 Even though an individual

"
cannot filter exposure to certain sentiments over others, an exogenous shock in the period

(t —1,t) may affect the views of both peers and the author in question simultaneously. For

this reason, the OLS estimates do not enable us to precisely estimate peer influence.

Instrumenting peer sentiment To tackle this issue, we use the historical views of peers as
an IV for their views expressed within (f —1,¢). Our choice of IV is founded in psychology:
Ross et al. (1975) find that ‘once formed, impressions are remarkably persevering and unre-
sponsive to new input’, with later studies, such as Anderson et al. (1980), supporting these
findings.
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We reason about our choice of IV through the example in Figure 4.1, which presents
a true example from the WSB discourse. The author of interest i creates two posts about
AVXL and observes the posts of peers in-between. We use the historical sentiments of peers
(created before t — 1) as our IV. In this way, we isolate variation in peer sentiment exogenous
to market conditions and news about asset j between time (f —1,¢).

We perform several robustness checks to ensure the validity of our instrument (discussed
in greater detail after our results): we show that predicted peer sentiment is not correlated
with asset returns between time (f — 1,¢) demonstrating that there is no selection bias for a
subset of peers whose past sentiment correlates with future returns or news. This is further
reinforced by us including several controls for returns. We check that our estimation is not a
lagged news effect by replacing the peers with a random peer cohort which posts before time
t—1, and find that the random peer cohort has no effect. We test that there is no selection
bias for peers to post a second time only when their sentiment agrees with average forum
sentiment about the stock and show that probability of posting is uniform with respect to
the level of agreement with peers. We also elaborate our reasoning about our choice of IV
using a DAG in Appendix 4.B.3.

We estimate user k’s sentiment — a peer of investor i — about asset j, @y ; ;, based on the
sentiment they expressed previously, @ ;; 1, and control for asset returns at the time of

their original post, r;;_1:

— .0 0 0
q)k,j,t - Klq)k,j,t—l T K1 T ek,j,t’ (43)

where (—:2 j¢ is an idiosyncratic error. The coefficient x{ estimates the true effect of an in-

dividual’s historical sentiment. Controlling for r;;_; allows us to accurately estimate x?,

while controlling for confounders. Eq. 4.3 is estimated using a sample containing submis-

sions by all authors who post multiple times. The F-statistic for this first stage estimate,
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presented in Table 4.2, suggests that this is a strong instrument. Our choice of IV gives a
good approximation for author sentiment, while allowing us to control for common shocks
affecting the sentiments of peers and investor 7 in the period (t —1,t). We use the predicted
outlook of peers between an author’s posts, CIA)_Z-’]-,(t_U), to estimate peer effects as our Sec-
ond Stage regression, while keeping all other controls the same — historic peer sentiment is
used for prediction. Appendix 4.B provides further details on our variable construction and
method. Appendix 4.A describes the construction of market variables, and their matching

to WSB data.

4.1.1 Results

Table 4.1 presents the results of our estimation with column (1) presenting OLS estimates
for x (from Eq. 4.2) using observed variation in peer sentiments, and column (2) using pre-
dicted variation in peer sentiments — independent variables are normalized with respect
to their mean and standard deviation (explained further in Appendix 4.B). The Frequent
Posters approach indicates that peer effects are approximately 1.5 times more important in
individual sentiment formation, as compared to extrapolation. Our non-normalized coeffi-
cient estimates in Appendix 4.B in Table 4.B.2 of 0.19 on predicted peer sentiments means
that doubling in the odds of peers expressing bullish over bearish sentiments increases the
odds of a given submission to be bullish, over bearish, by 14.1%. In all cases, the robust
standard errors, clustered at the ticker level, produce estimates statistically significant at

the 1% level. First Stage estimates are presented in Table 4.2.

4.1.2 Support for identification — Frequent posters

One potential concern is that individuals who post multiple times about the same asset may
differ from the rest of the population on the forum. If this were the case, our findings would

not allow us to draw valid conclusions about the overall population of investors. We provide
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Table 4.1: Peer influence: Frequent Posters — full regression estimates

Dependent Variable: D; i

Reduced Form

Full Second Stage

Random Peers

(1) (2) (3)

- ;e 0.154 (0.010) ***  0.129 (0.011) ***  0.158 (0.010) ***
S8 D1 0.055 (0.011) ***  0.036 (0.010) *** 0.005 (0.009)
SRR Ji(t=1,t)
SR T 0.022 (0.004) ***  0.025 (0.005) ***  0.023 (0.004) ***
,§~§ it 0.007 (0.004) 0.007 (0.005) 0.006 (0.004)
= a]%t -0.003 (0.004) 0.003 (0.008) -0.003 (0.004)

Ticker Fixed Effects Yes Yes Yes

No. Observations: 14,396 11,122 14,371

R?%: 0.12 0.08 0.11

R4t 0.08 0.06 0.08

Notes: The dependent variable is individual investor sentiment about an asset, scaled continuously between
(—00,), is estimated by the individual’s previously expressed sentiment about the same asset (®;;; 1) and

a set of market control variables (7; 1,7, ]2 ), using OLS. The sentiment of peers ((i)—i,j,(t—l,t)) is estimated in
several ways. In Column (1), we use observed, average sentiment of peers between an author’s two posts. In
Column (2), we estimate the sentiment of peers using an IV. In Column (3), we select a random cohort to
estimate peer sentiment. Robust standard errors, clustered at the ticker level, are presented in parentheses.
Observations with incomplete market data are dropped.

*** Significant at 1% level ** Significant at 5% level * Significant at 10% level

Table 4.2: Peer influence in WSB sentiments — first stage

Dependent Variable: Sentiment of Peers

Network

(2)

Frequent Posters
(1)
0.31 (0.01) ***

Historical Sentiment of Peers

Sentiment of Neighbours’ Neighbours 0.14 (0.01) ***

Author controls (XlO i ;) No Yes
Controls for returns (rj;_1) Yes No
Number of obs. 19,370 24,013
F-statistic 1,105 118

Notes: This table presents the First Stage estimates for peer influence on WSB. In column (1), the First Stage
is estimated using the initial sentiment expressed by an author about an asset to estimate his sentiment in the
following post. In column (2), the First Stage is estimated using the sentiment of previous submissions that an
author commented on, regarding the same asset — the second IV of the neighbor’s own historical sentiment is
presented in Appendix 4.B.

*** Significant at 1% level ** Significant at 5% level * Significant at 10% level

evidence that sentiments expressed in our samples are similarly distributed to those of the

overall user population in Appendix 4.B.
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Figure 4.2: Probability of posting on 5/ day bucketed by disagreement level with peers; the fraction of
individuals that post five days after their original post bucketed by the difference between their sentiment and
that of peers (the difference is taken between the mean peer sentiment in the intermediate five days and the
sentiment expressed by the author in their follow-up post).

Endogenous choice to post multiple times An additional concern may arise around the
endogenous choice for certain individuals to post multiple times. Specifically, individuals
may choose to post a second time: i) only if their peers agree with them, or ii) when their
predictions about the market are correct (in which case the IV would be documenting author
i’s response to general market moves, rather than peer influence).

We test for (i) by looking at the probability that an individual posts X days after their
original post depending on the difference between their sentiment and that of peers (the
difference is taken between the mean peer sentiment in the intervening X days and the
sentiment expressed by the author in their follow-up post). Figure 4.2 presents our results
at the five day time horizon — we observe that the distribution for the probability of posting
with sentiment difference is uniform, invalidating the idea that individuals who post are
only those who peers agree with. Appendix 4.B presents the same results at different time
horizons.

We test for (ii) by including the average return of stock j in the period between (f —1)
and f as an additional control. If individual i was swayed by market moves that coincide
with the sentiment of peers, rather than peer effects themselves, this control should erode

the significance of peer effects. However, adding this control does not change our results
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and is not significant - this implies that it is not peers echoing market returns that sways
sentiments, but rather the peer effects themselves that impact sentiment. Additionally, we
test to see if our predicted peer sentiment, (f)—i,j,(t—l,t)l is correlated with the returns on day

t when user i posts — the two do not have a statistically significant relationship. Appendix

4.B further discusses both robustness checks.

Distinguishing information from peer effects Another concern is whether our proposed
independent variables — asset price movements, ticker fixed effects and author historical
sentiments — are effective controls for unobserved ticker characteristics. Along the same
lines, one might worry about our ability to distinguish between peer effects and information
being absorbed slowly from peers from their initial post before time (#—1). If our controls in
the Frequent Posters formulation and identification technique are valid, then a randomly se-
lected cohort of individuals who post on the same ticker before the author’s first post, should
have no effect on the sentiments expressed in dependent submissions. This would demon-
strate that what we observe is not information being observed slowly by peers or lingering
forum sentiment, but rather peer effects in the absence of any additional information. The
results are presented in Column (3) in Table 4.1. We find no statistically significant corre-
lation from the randomly selected cohort, which rules out longer lags in market conditions
manifesting as peer effects in user sentiments. We also run several robustness checks val-
idating that peer effects persist if we select a cohort of peers that posts initially over three
days before the author’s post (t —1). We observe that peer effects persist in this truncated
sample, further invalidating the slow spread of information argument in favour of our peer

effects estimation.

Longer time horizon — GME short squeeze and beyond A final question is whether the

effects we study persist outside of our selected timeframe. We test our approach on the
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full dataset described in the previous section, which offers a time horizon spanning through
mid-2021. We observe that through the end of the GameStop short squeeze, our estimate for
peer effects is close to that of this chapter. However, after late February 2021, peer effects
and extrapolation are no longer appear significant. The individual’s own perspective about
the stock, @; ; ; 1, not only remains significant but its coefficient also increases in magnitude.
Full results are presented in Appendix 4.B. This is consistent with the findings of Bradley
et al. (2024) documenting that the informational content and quality of the forum steeply
declined after GME. Our analysis points to the fact that after GME, individuals ceased to
update their perspectives based on that of their peers or the market, but became firmly
entrenched in their own beliefs. This upholds the narrative that WSB transformed from an

investor discussion platform into a social movement.

4.2 Identifying peer influence - Commenter Network

The Commenter Network approach considers a submission-to-submission network, with an
earlier submission exerting peer influence on a future submission if the author of the later
submission commented on the earlier one. The submission-to-submission network helps
identify peers an author interacts with more precisely. Here, we also control for market
moves, and employ a set of IVs to address endogeneity concerns. As our IVs, we measure:
i) sentiments of submissions to which the influencing submission is connected (the ‘friends
of friends’ — detailed in Figure 4.3b), and ii) the historic sentiment of neighbours. The
underlying argument rests on the premise that neighbours of network distance two exert
an influence on user sentiments through peer effects (consistently with Bond et al. (2012)).
A user’s endogenous choice to comment on certain posts over others would therefore not
account for users one step removed.

WSB allows us to trace the interactions of users through a commenting network, even
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though the forum does not support friendship ties. We exploit a submission-to-submission
interaction network for each asset, tracking which submissions in the past influence future
submissions based on authors’ commenting histories. This method offers a more precise
way to identify a user’s peers by observing which individuals, and submissions, an author

explicitly interacts with. Figures 4.3a and 4.3b illustrate the approach.
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Figure 4.3: User networks in WSB conversations; WSB data is summarised as a bipartite graph, illustrated
in Figure 4.3a, where users (left) are linked to submissions (right) when they author the submission (solid
edge) or comment on the submission (dashed edge). The resulting projection of submissions, in Figure 4.3b,
tracks the propagation of sentiments ®@. The submission-to-submission networks for two stocks in Figures 4.3¢
and 4.3d reveal that individuals post more submissions that are bullish(bearish) at times when the price of an
asset increases(decreases) dramatically, with some visual evidence that similar sentiments tend to cluster.

Two examples of submission-to-submission networks in our data are displayed in Fig-

ures 4.3c and 4.3d. Distinct temporal clusters emerge, as a certain asset gains and loses
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prominence on WSB. Some discussions appear fragmented: the DIS discussion in Figure
4.3c, for example, contains several smaller clusters, with perceptible differences in overall
sentiments. Others, such as the MSFT discussion in Figure 4.3d, contain a giant component
where investors with different sentiments interact.

Our network approach uses a similar Reduced Form and Second Stage to the Frequent
Posters approach in Eq. 4.2. We modify our control for an author’s past sentiment about the
stock to account for authors who post for the first time: a dummy variable encodes whether

the author’s most recent previous post is bearish, neutral, bullish or missing.

Instrumenting peer sentiment We use an IV approach to estimate peer influence. As the
First Stage, we estimate the sentiments of neighbours to estimate an author’s view. As in-
dicated in Figure 4.3b, the sentiments in submissions A, B can be used to predict that of
submission C. The predicted sentiment of C can then, in turn, be used to predict the senti-
ments of D and E. This choice of IV is well-established in the networks literature (Zenou
2016, Patacchini & Zenou 2016, Bifulco et al. 2011), and helps control for the exogenous
choice to comment on certain submissions and not others — the method further benefits
from the fact that users are not alerted to the activity of specific other individuals. We also
include the neighbour’s own historical sentiment, as a set of categorical variables, as the

second IV (similarly to the Frequent Posters approach).

Timing of observations We use the timings of events to mitigate the common shock prob-
lem for both our IVs: the neighbour’s historical sentiment and the ‘friends or friends’ sub-
missions. For the latter, we calculate the time period of influence for a given post, which
ends when the last comment is made on a submission. This effectively marks the point
when a particular submission ceases to be of interest to the WSB community. We filter for

instances where the period of influence for a submission used as an IV for another submis-
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sion ends before the new submission we are modeling is created. In practice, if submission
C in Figure 4.3b occurs on July 1st at 2:31PM, the final comments on posts A and B must
occur before, in order to ensure that our IV is not affected by a common shock. We also in-
clude an author’s own, historical sentiment as an IV only if his previous submission occurs
at least two business days before the current one.

The Commenter Network offers certain upsides, but also certain shortcomings, as com-
pared to the Frequent Posters approach. The network method more precisely identifies the
channels of influence between authors. However, the allocation of peers is no longer ran-

dom, since the network structure is governed by a choice to comment.

4.2.1 Results

Table 4.3: Peer influence: Commenter Network — full regression estimates

Dependent Variable — D; i

Reduced Form Full Second Stage Random Network
(1) (2) (3)
£ bitis -0.226 (0.026) *** -0.215 (0.021) *** -0.342 (0.040) ***
3 gj,t_l 0.047 (0.023) ** 0.034 (0.022) 0.073 (0.036) **
= ({)Z}’t_l 0.160 (0.028) *** 0.141 (0.031) *** 0.244 (0.042) ***
S D_i i (t-1,1) 0.041 (0.009) *** 0.022 (0.009) ** 0.009 (0.009)
g Tit 0.020 (0.003) *** 0.023 (0.006) *** 0.031 (0.005) ***
& Tt 0.005 (0.003) 0.006 (0.006) 0.008 (0.005)
E G]%t 0.044 (0.289) 0.512 (0.508) 0.078 (0.449)
Ticker Fixed Effects Yes Yes Yes
No. Observations: 24,902 16,514 25,220
R*: 0.09 0.07 0.09
RZ,:: 0.06 0.06 0.06

Notes: The dependent variable is individual investor sentiment about an asset expressed in a single submission,
scaled continuously between (—co,c0). We estimate it using the individual’s previously expressed sentiment
about the same asset (¢; j ;1) as a categorical variable, with the author not having posted previously ( f\fjﬁ_l)
as the baseline. We control for a set of market control variables (rjyt,r']-,t,aﬁt). The sentiment of posts that the
author commented on previously (q_)—i,j,t—l) is estimated several ways. In column (1), we present the estimate
using the sentiment of posts the author previously commented on. In column (2), we use an IV to predict the
sentiment of posts the author comments on. In column (3), we randomly rewire the network, connecting the
author to a random set of posts about the same ticker. Robust standard errors, clustered at the ticker level, are
presented in parentheses. Observations with incomplete market data are dropped.

*** Significant at 1% level ** Significant at 5% level * Significant at 10% level
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The results of the Commenter Network approach are consistent with those of the Frequent
Posters approach, presented in Table 4.3 — column (1) presents OLS estimates for using av-
erage, observed peer sentiment, while column (2) uses predicted sentiment from our IV
approach. In both cases, the robust standard errors, clustered at the ticker level, produce
estimates statistically significant at the 1% level. First Stage estimates for estimating peer
sentiment using their neighbors are presented in Table 4.2, while the estimates for using the
neighbour’s own historical sentiment are presented in Appendix 4.B.

The estimated coefficients in both approaches suggest that an exogenous increase in av-
erage peer outlook appears to increase an investor’s own future view about an asset. These
findings suggest that the data supports a model where strategic complementarities govern
the investment decisions of retail traders sampled on WSB and where extrapolation plays

an important role.

4.2.2 Support for identification - Commenter network

One potential concern is that individuals who comment on other’s posts may differ from the
rest of the population on the forum. If this were the case, our findings would not allow us to
draw valid conclusions about the overall population of investors. We provide evidence that
sentiments expressed by our sample are similarly distributed to those of the overall user
population in Appendix 4.B.

This approach is more comprehensively discussed with the networks literature, so we
rely on the established robustness checks. If our controls are useful in the Commenter Net-
work formulation, a random rewiring of the network should yield no effect. The results are
presented in column (3) of Table 4.3: no statistically significant correlation emerges from
the randomly selected cohort. This provides further evidence that unobserved factors in-

fluencing within-ticker variation in both peer composition and author sentiment are not
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confounding.
An additional concern with our Commenter Network approach is overidentifying restric-
tions. A J-statistic of 0.43, and a corresponding p-value of 51%, leads us to believe that our

additional instruments are exogenous (see Appendix 4.B for further details).

4.2.3 Further insights

WSB data provide additional opportunities to test investor responses to a market surprise,
and the reinforcement mechanism between peers and asset prices. We consider the sen-
timents expressed by investors i about asset j at time ¢, CDi,j,t, as our dependent variable
and use the controls from Eq. 4.2 to test for two additional effects: market surprise and
reinforcement.

We define two types of surprises: i) a positive surprise if asset j experiences a return
which is two standard deviations higher than the 30-day historical average for the stock
on day t or on the day before, and ii) a negative surprise if asset j experiences a return
which is two standard deviations lower than the average for the stock on day ¢ or on the day
before. We compute the average and standard deviation for stock j using data of the thirty
trading days before t. We also interact returns and predicted peer sentiment to see the extent
to which peer effects are reinforced by returns. We use the predicted peer sentiment from
our Frequent Posters approach in our regressions to control for sentiments that respond to

current price changes.

Surprise Table 4.4 presents the results from our exploration of surprise and reinforce-
ment. Column (1) contains the OLS estimates when including positive and negative cate-
gorical variables for market surprise. A negative market surprise appears to significantly
affect investor sentiments. The result is not symmetric — a positive surprise does not ap-

pear to convince investors of the upside potential of a stock. This observation suggests that
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Table 4.4: Additional effects: surprise and reinforcement

Dependent Variable: D; ¢

(1) (2)
qAD_l-,]-,(t_Lt) 0.037 (0.009) *** 0.036 (0.012) ***
s, Tt 0.019 (0.006) *** 0.017 (0.005) ***
§ % Positive Surprise -0.018 (0.031)
§§ NegatiAve Surprise -0.114 (0.038) ***
RS (rj,e X CIAD_I-,]-,(t_Lt)V 0.074 (0.025) ***
(i x i j 1) 0.070 (0.108)
Author & asset controls (X; ; ;) Yes Yes
No. Observations: 11,073 11,116
R?: 0.08 0.08
R? : 0.06 0.06

adj*

Notes: The dependent variable — individual investor sentiment about an asset, scaled continuously between
(—o0,00) — is estimated using the variables in Eq. 4.2 and additional variables, using OLS. The additional
variables in column (1) are categorical variables for positive and negative market surprises at time ¢ in asset j;
in column (2) the additional variables are a cross term between asset j’s returns and the estimated sentiments
of peers: (rj; X Cf),iyj,(t,lyt))J' is the product if the predicted sentiment of peers is positive and returns are also

positive, and zero otherwise; (rj; X é_i’jy(t_l’t))’ is product if the predicted sentiment of peers is negative and
returns are also negative, and zero otherwise. (r;; X Cf),i,j’(t,llt))J’ captures the extent to which positive peer
predictions correspond to observed market moves; the reverse is true for (r;; X ®_; ; ;_1,)”. Peer sentiment

D_; i (+-1,+) is estimated using the Frequent Posters approach to control for confounders. Robust standard errors,
clustered at the ticker level, are presented in parentheses. Observations with incomplete data are dropped.
*** Significant at 1% level ** Significant at 5% level * Significant at 10% level

downside panic spreads quickly within the investor population. This effect is in addition to

the significant impact returns have on sentiment.

Reinforcement Column (2) considers the effect from market reinforcement of peer senti-
ments by including the cross term between returns and the predicted sentiments of peers.
The cross terms are separated depending on whether the predicted peer sentiment qAD_,-y]-,(t_Lt)
is positive or negative: (r;; X (iD_,-,j’(t_Lt))“L is the bullish interaction when CIA)_,-,]-,(t_Lt) and re-
turns are both positive and zero otherwise, whereas the bearish interaction (r; ; xCIAD_i,j,(t_Lt))‘
is positive if predicted sentiment and returns take negative values, zero otherwise. There-
fore, a large value for the bullish interaction corresponds to peers forecasting positive re-

turns in asset j and the asset j simultaneously experiencing positive returns on the day of

author i’s submission.
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In Table 4.4, the bullish interaction is highly significant. WSB users are spurred by peers
predicting positive returns and subsequently observing the asset outperform in the market,
possibly suggesting ‘irrational exuberance’ (Shiller 2005). The reverse is not true for bearish

reinforcement.
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Appendix

4.A Market variables

We include a set of market return and volatility control variables. The data source for these
variables are the daily stock files issued by the Center for Research in Security Prices (CRSP),
accessed through Wharton Research Data Services.

The following market variables serve as controls.

rjt: the log return for asset j on trading day t. From CRSP, we calculate it using their
‘RET’ variable: r;; = log(RET; ; — 1), which automatically corrects the percentage change in
closing prices for share splits and dividend distributions.

7j+: the average log returns for asset j in the five days prior to ¢ (the log return on day ¢ is
not included). A minimum of three daily log-return observations is required, otherwise the
observation is set as missing.

2.
Uj,t-

the variance of log returns for asset j in the five days prior to t (the log return on day
t is not included). A minimum of three daily log-return observations is required, otherwise

the observation is set as missing.

Matching submission timings to trade timings If a post occurs before 16:00:00 EST on
day t, we match it with the log-return on the same day t. If a post occurs after 16:00:00
EST on a given day, we match it with market data for the next trading day, t + 1. This is
done to capture the fact that many news announcements occur after hours and someone
posting after the market close may be exposed to these after-hour moves. Instance in which
submissions are made on weekends, or holidays, are matched to the next possible trading
day. For example, a submission made at 5pm on Friday is paired to the observed log return

for the following Monday.
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4.B Additional results and robustness checks for peer effects

4.B.1 First stage regression estimates

Tables 4.1 and 4.3 present our full regression estimates. Table 4.B.1 presents our First Stage

estimates for our Commenter Network approach, which has multiple IVs.

Table 4.B.1: First Stage estimates for Commenter Network approach

-1 0 +1 5 ..
(Pi,j,t—l ij,t-1 ijt-1 CD—LJ,t—l

Dependent variable:
Sentiment of Peers  -0.30 (0.04) ***  0.12 (0.03) **  0.25(0.03) ***  0.14 (0.01) ***

Notes: The dependent variable is individual investor sentiment about an asset expressed in a single submission,
scaled continuously between (—co, ), modeled using IVs. We estimate it using the individual’s previously

expressed sentiment about the same asset (¢; j ;1) as a categorical variable, with the author not having posted
NA
Pijt-1
previously (®_; j;_1). We use the timing of IVs to control for common shocks, as discussed in the main text.
Our regression has 24,013 observations and an F-statistic of 118.

*** Significant at 1% level ** Significant at 5% level * Significant at 10% level

previously (¢ ) as the baseline, as well as the average sentiment of posts that the author commented on

4.B.2 Normalization procedure and non-normalized coefficient estimates

In order to compare the relative impacts across variables, we perform mean / standard de-
viation normalization on the non-categorical variables within our regression. We normalize
market variables with respect to the log-returns of all assets discussed on WSB since the fo-
rum’s creation in 2012. We normalize sentiment variables with respect to the observations
within our regressions. The normalization is performed in order to be able to compare the
impact of peer effects and returns on sentiment formation.

Table 4.B.2 presents the non-normalized coefficient estimates for our second stage. We
observe that the coefficient on returns and predicted peer sentiment are both higher, and the
coefficient on returns is larger than that of predicted peer sentiment: these changes relate
to the standard deviations of the two variables which are 0.037 for daily returns and 0.271

for predicted peer sentiment, Frequent Posters, and 0.168 for predicted peer sentiment, Com-
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menter Network. The first phenomenon is explained by the fact that the standard deviation
for both variables is less than one; the second is explained by the fact that daily returns have

a substantially smaller standard deviation than that of peer sentiment.

Table 4.B.2: Peer influence in WSB sentiments

Frequent Posters Network
(1) (2)

Second Stage — peer influence estimated using predicted average sentiment of peers (non-normalized)

Dependent Variable: Investor Sentiment (®; ; ;)

Average peer sentiment,

@_; i (1-1) (predicted) 0.198 (0.053) *** 0.197 (0.083) **
Tit 0.993 (0.185) *** 0.921 (0.251) ***
Author & asset controls (X; ; ;) Yes Yes

Notes: this table presents the non-normalized coefficient estimates for the Second Stage of our Frequent Posters
and Commenter Network regressions.
*** Significant at 1% level ** Significant at 5% level * Significant at 10% level

4.B.3 Evidence of identification strategy — Frequent Posters

Impact of
News, Markets

Impact of
Sentiments

Figure 4.B.1: Frequent Posters Directed Acyclic Graph (DAG); we trace the flow of information within
our system. Arrows represent the impact that information from one source has on the next source. Light
blue nodes q_)—i,j,(t—Z,t—l) and CI_)_,-,]-’(t_Lt) represent peer sentiment; green nodes ®; ;; 1 and ®; ; ; represent the
sentiment of investor i - our target variable. Time f is expressed in event time. The magenta, dashed line
represents the impact that historical sentiment expressed about an asset has on the author’s own future opinion
due to people being reticent to chance their minds (Ross et al. 1975). In our first stage, we estimate CI_D_i'j,(t_l't)
by (I_D_,-’]-’(t_z’t_l), controlling for the market move at the time of the peer’s initial post while estimating the
coefficients. In this way, we are able to isolate the impact that peer sentiment cb—i,j,(t—l,t) has on individual i at
time f, cDi,j,t .

Channels of Influence - Directed Acyclic Graph (DAG) We present the channels of in-
fluence used within the Frequent Posters framework in Figure 4.B.1. We reason about our
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choice of IV through the Directed Acyclic Graph (DAG) shown in Figure 4.B.1. We consider
that historic news and market moves are fully reflected in the news and market information
available within the following timestep. Information shared by peers is also fully incorpo-
rated from one timestep to the next; however, dotted pink lines indicate the persistence of
individual author sentiments (the persistence of individual formed impressions). Leverag-
ing the structure of our DAG, we estimate investor k’s sentiment (a peer of investor 7) about
asset j, @y i ;, based on the sentiment they expressed previously, @y ; ;_;, and control for asset

returns at the time of their original post,

—— Multiple Posters o = —— Network
1..... All Posts = N All Posts

(a) Frequent Posters Sentiment PDF (b) Commenters Sentiment PDF

Figure 4.B.2: Density Plot of Sentiments Expressed on WSB; We present the density plot of the sentiments
expressed by users on WSB who post multiple times, labeled as Multiple Posters, those who comment on others’
posts, labeled as Network, and that of all submissions, labeled as All Posts.

Distribution of sentiments A potential concern with our approach is whether the sen-
timents expressed by individuals who post multiple times follow the same distribution as
all submissions on the forum. Figure 4.B.2a presents the distribution of sentiments for the
second or later post of an author about a ticker, which provides evidence that the sentiment
distributions are similar to that of other posters on WSB. This supports the hypothesis that

our analysis offers insight into how all individuals on WSB form opinions.

Random peers A second concern is whether we effectively control for unobserved ticker
characteristics. We replace the composition of an author’s peers with a random cohort of
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people who post on WSB about the same ticker. The random cohort is chosen as follows.
We observe how many peers an individual author has. We then select a random sample of
the same number of individuals, without replacement, who do not post between an author’s
two post but post about the ticker at a different time before (¢ — 1) for the Frequent Posters
approach (if fewer individuals post before, we select all of those individuals). The results are
presented in Tables 4.1, column (3). We observe that all the coefficients remain close to their
original values, except for the peer effect, which becomes insignificant. This lends credibility
to our peer identification strategy and shows that unobserved factors that influence within
ticker variation are not confounding our estimates. This also supports our argument that we
are not observing a longer time period of information absorption from peers — if this were
the case, one would expect the random cohort of peers that post before time (#—1) to remain

significant.

Endogenous choice to post multiple times One potential concern is that individuals who
post multiple times are those that likely agree with their peers, whereas the sentiments of
those that disagree will drop out of the forum and not create a second post. We, therefore,
look at the probability of individuals creating a follow up post at various time horizons,
depending on the distance between their own sentiments about an asset and that of peers
in the interim period. Figure 4.B.3 shows the probability of a user creating a follow up post,
plotted in different buckets depending on the magnitude of disagreement between them
and their peers — we select several time horizons between four and seven days when an
author is most likely to create a follow-up post. We observe that individuals are not more
likely to create posts if they agree with peers — if this were the case, we would expect higher
probabilities of creating a follow-up post in the (-1,0] and (0, 1] buckets (where the senti-
ment difference between the individual and the average sentiment of peers is lower). We,

therefore, observe that differences in opinion persist among individuals who post multiple
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times about the same asset on WSB.
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Figure 4.B.3: Probability of posting; We look at the probability of a user creating a subsequent post about
an asset four, five, six and seven days after their original post in Figures 4.B.3a, 4.B.3b, 4.B.3c, 4.B.3d, re-
spectively. The probability is shown in buckets versus the difference between the author’s sentiment in the
follow-up post and the average sentiment of peers expressed in the three, four, five, and six days prior to that
post, respectively.

We also consider the possibility that there may be another important source of endogene-
ity driving the choice of certain authors to create a second post rather than others: the fact
that the market moves in line with the author’s predictions. If this were the case, instead
of peer effects, we may be observing author i’s reaction to general market developments,
rather than true peer effects. To ensure that this is not the case, we include the average re-
turn in asset j between author i’s two posts (f — 1,¢). We presents the results in Table 4.B.3
— we observe that our original estimates remain consistent with this control. This implies
that peers that post multiple times do not systematically reflect market moves, but indeed

present a distinct perspective. The potential choice of post in-line with market moves does
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not confound our estimates.

Table 4.B.3: Peer influence in WSB sentiments: Robustness check including average inter-
post returns

Frequent Posters
(1)

Dependent Variable: Investor Sentiment (P; ; ;)

Average peer sentiment,

D_; i (1-1) (predicted) 0.188 (0.050) ***
T 0.990 (0.170) ***
i1 -0.032 (0.022)
Author & asset controls (X; ; ;) Yes

Notes: this table presents the non-normalized coefficient estimates for the Second Stage of our Frequent Posters
regression when also including the average return in asset j in the time period between author i’s posts, (-1, f).
*** Significant at 1% level ** Significant at 5% level * Significant at 10% level

Temporal robustness check We run several additional robustness checks in order to in-
sure the validity of our identification strategy. One concern may arise from the fact that
individuals may be slow to update their opinions, in relation to historical peer posts. In this
way, individual i’s sentiment about asset j would be affected by peer sentiment before time
(t—1) at both times (f — 1) and t. In order to tackle this concern we run two different exper-
iments and set a minimum time between (f — 1) and t to be at least: i) one day and ii) three
days. An additional concern may be whether author i is actually exposed to the sentiments
of the peers in question — if the time between (t—1) and t is large, it may be more likely that
the author is influenced by outside factors, rather than is constantly exposed to peers dur-
ing such a prolonged time period. In order to tackle this we run an additional experiment
capping the time between posts to be fourteen days. The results for these experiments are

presented in Table 4.B.4.

Longer time horizon We use the longer-time period dataset (containing data through mid-

2021) to verify whether our findings hold at a longer time horizon.? Specifically, we look at

21t is worthwhile to note that our data through 2020 is not identical to theirs due to their selection of a
different subset of tickers from AlphaVantage and due to different data processing methodologies.
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Table 4.B.4: Robustness check for Frequent Posters approach: controlling for the time be-
tween author i’s posts

Greater than Greater than Less than
One Day Three Days Twelve Days

(1) (2) (3)

Dependent Variable: Investor Sentiment (®; ; ;)

Average peer sentiment,

O_; i (1-1,1) (predicted) 0.241 (0.061) *** 0.195 (0.071) *** 0.223 (0.066) ***
Tt 1.040 (0.195) *** 1.069 (0.223) *** 0.930 (0.190) ***
Author & asset controls (X; ; ;) Yes Yes Yes
Number of obs. 9,712 8,406 5,545
F-statistic 61 53 20

Notes: this table presents the Second Stage OLS estimates for peer influence on WSB limiting the time between
user i’s posts to be at least one day in Column (1), at least three days in Column (2), and at most fourteen days
in Column (3). Variables are not normalized and therefore coefficients are comparable to those in Table 4.B.2.
*** Significant at 1% level ** Significant at 5% level * Significant at 10% level

two time periods using the alternative data: i) data through February 1, 2021, and ii) data
after February 1, 2021 (the dataset spans through June 27, 2021). GME reached it’s peak
on January 28, 2021. The results are presented in Table 4.B.5. We note that for the time
period ending shortly after the GME short-squeeze, presented in Column (1), the results
are consistent with our previous findings. However, in the period following GameStop, the
sentiments of peers and recent market moves appear to lose significance, however, users
appear more stubborn in their views as visible from the coefficient on ®@; ; ;_; in Column (2)
— user i’s own historical sentiment about stock j. The findings underscore the fact that the
GME frenzy led to a change in the quality of informational content shared on WSB, as also
documented in Bradley et al. (2024). It also appears that users became more stubborn and
unwilling to update their views - consistent with the later narrative about the forum as a

social movement, rather than a place to discuss meaningful insights about assets.

4.B.4 Evidence of identification strategy — Commenter Network

Distribution of sentiments A potential concern with our approach is whether the senti-

ments expressed by individuals who are part of the commenters network follow the same

66



Table 4.B.5: Peer influence: Frequent Posters — IV estimates pre- and post-GME

Dependent Variable: D; i

Pre-GME Post-GME
(1) (2)

- <Dl-y]-,t_1 0.228 (0.052) *** 0.297 (0.015) ***
S8 e 0.024 (0.008) *** 0.008 (0.012)
ST 1 0.006 (0.003) ** 0.002 (0.003)
,§“ § Tt 0.001 (0.003) 0.005 (0.004)
RS O-]%t 0.001 (0.003) 0.009 (0.005) *

Ticker Fixed Effects Yes Yes

No. Observations: 17,833 9,084

R?%: 0.13 0.13

2 .
RZ,: 0.12 0.12

Notes: The dependent variable is individual investor sentiment about an asset, scaled continuously between
(—00,), is estimated by the individual’s previously expressed sentiment about the same asset (®; j; 1) and a

N

set of market control variables (rj,t,r'j,t,aﬁt), using OLS. The sentiment of peers ($_; ; ;-1,1)) is estimated using

data ending immediately after GME hit (spanning through January 31, 2021) in Column (1) and then using
data after GME hit its peak in Column (2). The dataset of Semenova et al. (2024) is used for these experiments.
Variables are normalized.

*** Significant at 1% level ** Significant at 5% level * Significant at 10% level

distribution as all submissions on the forum. Figure 4.B.2b presents the distribution of
sentiments for those who comment on other’s posts, which provides evidence that the senti-
ment distributions are similar to that of other posters on WSB. This supports the hypothesis

that our analysis offers insight into how all individuals on WSB form opinions.

Random network rewiring A concern is whether we effectively control for unobserved
ticker characteristics. Similarly to Patacchini & Zenou (2016), we run ‘placebo tests’, where
we replace the composition of an author’s peers with a random cohort of people who post
on WSB about the same ticker. The random cohort is chosen as follows. We observe how
many peers an individual author has. We then select a random sample of the same num-
ber of individuals, without replacement, through a random network rewiring (we select
posts randomly about the same ticker before the current post). The results are presented
in Tables 4.3, column (3). We observe that all the coefficients remain close to their original

values, except for the peer effect, which becomes insignificant. This lends credibility to our
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peer identification strategy and shows that unobserved factors that influence within ticker

variation are not confounding our estimates.

Overidentifying restrictions We cannot directly calculate the J-statistic for our Commenter
Network approach, since we estimate our IV using observations on several neighbours. We,
therefore, take an average of the neighbours past sentiments (transforming the categorical
variable into a continuous one) and the average across their neighbour’s neighbours senti-

ments. We use this to compute a J-Statistic with two degrees of freedom.

4.B.5 Followership ties & content consumption on Reddit

Our empirical identification strategy in the Frequent Posters approach rests on the premises
that users are exposed to random variation in peer sentiments. In this section, we discuss the
details of how users are presented with content on Reddit. Upon logging into Reddit, users
are presented with a ‘home feed’. Historically, the home feed has contained the ‘top posts’
from the subreddits to which a user has subscribed. Subreddit top posts are not individually
tailored to the specific user. Users have several sort options based on whether they prefer to
see most recent or most highly rated content.’

More recently, Reddit has implemented an algorithm to try and match users to con-
tent based on a machine learning algorithm, via the home feed.* However, this change has
only taken effect recently — during 2021 and after our sample period.” Reddit began to
experiment with personalization seven years ago, however, focused exclusively on gaming
subreddits.® However, personalization is focused on identifying new subreddits that a user

might be interested in, rather than the way that they are exposed to content from subreddits

3https://www.reddit.com/r/help/comments/717686/order_of_posts/
*https://reddithelp.com/hc/en-us/articles/4402284777364-What-are-home-feed-recommendatio
ns-
Shttps://www.reddit.com/r/blog/comments/o5tjcn/evolving_the best_sort for_ reddits_home_
feed/
6https://www.reddit.Com/r/Changelog/comments/SZrtnr/testing_community_recommendations/
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they already subscribe to. The explicit goal of personalization is described as an effort to

indentify new communities users might be interested in:

After 15+ years and millions of feedback comments, survey responses, customer
interviews, and Mod Council conversations, we know that whether you’ve been
here since the great Digg migration or because you heard about a little commu-
nity called r/wallstreetbets, we want to help you find communities that you will

love on Reddit.

Reddit has, relatively recently, introduced the option to follow individual users, however,
following a user means getting exposed to what they post directly to their own page, similarly
to following an additional subreddit dedicated exclusively to this user. The experience is

described as:

Following is just like subscribing to a subreddit, except the subreddit is your
profile page. Reddit recently added the ability to post directly to your profile
instead of to a specific subreddit. Posts you post to your profile will be seen on a
user’s front page feed if they follow you. Outside of that, following does nothing

else except your username will be listed in their subscribed subreddits list.”

The content viewed on WSB would, therefore, remain consistent for all users regardless of
their followership, with random temporal variation, across users. Furthermore, given the
fact that the anonymity of the forum is of great appeal, followership ties are rare.® We
consider how pervasive followership relationships are on Reddit by studying which users
actually post to their own profiles (the only way to target content directly at followers). We

look through all 42,036 authors who create posts about individual tickers within our sample

7reddit.com/r/NoStupidOuestions/comments/9dzp9y/what_does_following_someone_on_reddit_d
of

8https://www.reddit.com/r/NoStupidQuestions/comments/71kwqs/do_reddit_users_actually fo
l1low_other_people/
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and observe that less than 3% of users create content on their own individual user profile
pages prior to our data cutoff time, demonstrating the relative lack of content generated for
followers and the insignificance of followership relationships on Reddit. Furthermore, we
observe that content posted to WSB user’s own profile (which we retrieve) is generally un-
related to investment — investment advice is typically shared on investment-related forums
to reach a targeted audience. We test the sensitivity of our results to the users that post to
their own profiles remaining in our sample by removing them and rerunning the Frequent
Posters estimation procedure: the results remain unchanged when these users are removed.

We conclude that individual users were exposed to WSB content based on the content
on the forum that was most recent and popular at the time of their logging on, rather than
based on personal preference. This, in turn, allows us to assert that users are exposed to

random, temporal variation in peer sentiment.
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Chapter 5: Social Dynamics and Asset Prices

Chapter 4 documents two important factors that impact investor sentiment — peer effects
and extrapolation. This chapter explores several models to help understand the patterns of
returns when these mechanisms of sentiment formation among investors are present. Sec-
tion 5.1 considers the rational investor deriving their expectations about future asset returns
based on extrapolation and peer effects; liquidity is provided by noise traders — the model
allows us to consider temporary deviations from market efficiency driven by behavioural
patterns. Section 5.2 considers a modified model for extrapolative bubble dynamics, where
we modify the framework to incorporate a social component. Finally, Section 5.3 considers a
complex systems framework to analyze regime-shifts and tipping points in market dynam-
ics. The focus of each section within this chapter is to understand how different estimates

for a and  (explored in the previous chapter) alter market dynamics.

5.1 Equilibrium Model with Social Shocks

Our proposed model is motivated by a growing literature on strategic information comple-
mentarities (Hellwig & Veldkamp 2009, Zenou 2016), as well as studies of diagnostic expec-
tations (Bordalo et al. 2021). Investors trade on the momentum of the stock price, against
a supply of shares provided by noise traders. Our inclusion of a social component subse-
quently induces persistence in asset demand over time, which leads to reversal in future

returns.

General setup We analyse the price of one asset traded by N investors, indexed by i.
Each investor derives Constant Absolute Risk Averse (CARA) utility from consuming c,

Ui(c;) = —exp(—yc;), where y is the constant absolute rate of risk aversion — the model setup
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is consistent with various behavioural models, models for bubble formation, and is justi-
fied by empirical observations on the relationship between investor sentiment and volatility
(Bordalo et al. 2021, Barberis et al. 2018). We do not include any discounting in investor
decision-making, but assume they evaluate an asset according to a log-normal distributed

value v = log(V) with expectation E;(v) and variance oiz

(v). In the static model, investor i
purchases ¢; shares at the current market log-price p to optimise the mean-variance objec-

tive function

L(9i) = [Ei(v) - pli - Zo7 ()97, (5.1)
._Ei(v)-p
= ¢ = o7 (5.2)

where an asterisk denotes the value that maximises objective L. In this way, we distinguish
between beliefs about value [E;(v) from investor i’s decision to buy amount ¢;. Eq. 5.2
yields a familiar expression for asset demand in equilibrium: namely a ratio of expected net
returns over their variance.
Assuming that asset supply originates from noise traders, S, as in Bordalo et al. (2021),
2

common variance ¢ = aiz(v) and averaging expected values [E(v) = 1/N ) E;(v), we can

re-arrange Eq. 5.2 to yield the following expression for the market-clearing price p:

p=E@w)-—yo-. (5.3)

Eq. 5.3 accounts for the price level by investor’s average expected value of the asset, in addi-
tion to their ability to absorb the exogenous level of assets supplied. This ability depends on
the depth of the investor pool — reflected by the number of investors N — as well as their risk
appetite yo2. In this simple market, the price increases with expected value, and decreases

with supply. Appendix 5.A further links this model framework to complementarities in
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asset demand.

Granular shocks An investor’s demand may have some idiosyncratic preference which is
not captured by common factors. For example, an investor may place particular confidence
in products he enjoys using, or admire the corporate strategy of certain company leaders.
Such sentiments would manifest as idiosyncratic, heterogeneous investor demand, where e;
is the idiosyncratic component of i’ asset demand. Under the assumption that these shocks
have a finite variance and mean zero, they should average out to zero by the Central Limit
Theorem. However, consider a scenario where some investors have different levels of im-

portance s; for aggregate demand:

N
S=) st} (5.4)
i=1
N N
=p= Zs,-IEZ-(v) - ya2S + Zsiel-, (5.5)

where weights } ;s; = 1 for demand to equal supply. This could be the case for several rea-
sons: investors could have different amount of capital or, of greater interest to this chapter,
some investors may have more sway in forming public opinion than others. The importance
of key players in a social context has been explored in several economic settings — see Zenou
(2016) for a thorough overview. Typically, the most central nodes in a social network have
the ability to quickly diffuse information and, therefore, have a high influence on others.
We justify this weighting scheme by the fact that certain users on WSB have a dispro-
portionate effect in shaping the broader discourse. Indeed, WSB is structured to promote
viral content, and we would expected a consensus to be formed by key players — or, rather,
around key submissions. If the distribution of importance does not have a finite variance
—i.e. it is ‘heavy-tailed” — then the idiosyncratic shocks would not average out to zero. We

use this framework to evaluate the impact of viral content from WSB on market returns in

73



Chapter 6.

5.1.1 Equilibrium price dynamics with peer effects

To study the joint dynamics of an asset’s price and demand by social investors, we treat
aggregate asset demand ¢ = ) ; ¢; and log price p as state variables for a dynamic system,
indexed by time t. In doing so, we assume that cumulative demand ¢; reflects a difference
between individual valuations of the asset and the price. We distinguish between two inde-
pendent components of individual valuations: the private signal of individuals g(b;;) and
the signal individuals draw from observations of peers f(¢; ;). Aggregate asset demand and

price are

t[8(bi tlf (i)l —pe

= B8+ B 010) by 56
Yo

pe = Eylg(b,)) Byl f (3]~ Sy (57)

Cumulative demand is, therefore, the difference between individual valuations and the
market-clearing price, normalized by risk-aversion. The market-clearing price, on the other
hand, is the difference between individual valuations and the rate of asset supply, normal-
ized by the number of investors N and their risk appetite o2, similar to Eq. 5.3.

A focus of this chapter is the relationship between valuations g(b; ;) and the social com-
ponent f(¢; ;). Studies in behavioural finance suggest different expectation formation mech-
anisms that ultimately deviate from rational expectations (Barberis et al. 2018, Bordalo et al.
2021). We combine two such features, which we explore and document in the previous

chapter, in Assumptions 1 and 2 to formalize the framework for our modeling exercise.

Persistent demand The mechanism by which past demand enters current asset demand

is by the complementarity in investor payoffs — which empirically manifest as peer effects
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(documented in Chapter 4). Investor i’s payoff to holding the asset is assumed to increase

linearly in average asset demand by others.

Assumption 1 (Persistent Demand). Social investor i’s expectation of future returns is linearly
increasing in average asset demand by others: f(¢;;) = adp,_y, where ¢y = 1/N) ;p;,q is

average asset demand.

Mechanical Extrapolation We assume that investors partially trade on the momentum of
the asset’s price, which we study in Chapter 4 as extrapolation. The functional form of

IE;[g(b;)] is specified in Assumption 2.

Assumption 2 (Mechanical Extrapolation). The average investor projects past price increases

into the future using the updating rule:

E;[g(bi )] = ps + B(pr = Pr-1)s (5.8)

where B captures a fixed degree of price extrapolation.

System for price and demand Combining Assumptions 1 and 2 into Eqs. 5.6-5.7 yields

demands and returns r; = p; — p;_1:

(5.9)

2
r=——¢r+ BN (5.10)

In this scenario, asset demand and returns are determined simultaneously. The first mech-

anism is through market clearing, where demand has to adjust to supply. The second is the
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adjustment of the expected value for the asset to the realised return, through §, and the
social signal, through a.

As a result, returns are accounted for by current and past asset demand:

yo? a

rt:? t_E(l)t—l' (5.11)

since supply must equal demand at time ¢. This equation uncovers several important mech-
anisms at play. Returns are related positively to current demand ¢, through market clearing
—supply S is exogenous and must meet current demand. Higher demand drives up returns.
Returns are, however, negatively related to past demand ¢,_; through the expected value of
an asset — a valuation mechanism. If there is a positive social signal, investors still value an
asset highly, even in the presence of low returns.

To explain the basic intuition, we consider the following scenarios: i) one where the
asset has a positive return r; and no social signal ¢;_;, and ii) one where investors observe a
positive social signal ¢,_;. In scenario (i), demand is driven by the extrapolation component
alone — investors believe that returns will continue to increase based on the current trend.
In scenario (ii) on the other hand, investors do not require a large return to demand the
asset — positive past sentiment drives current demand ¢;. Under exogenous supply, a strong
positive signal from peers means that the extrapolated return is less important in justifying
a higher price. The underlying reasoning relies on the fact that the system is in equilibrium.
Therefore, both returns and sentiments have adjusted to reflect a new steady-state, where
sentiments are at a certain level ¢;.

Finally, we observe that the ratios of the coefficients, y/p and a/f, play an important
role. f effectively anchors the demand of investors in reality — a greater value of p implies
that social signals carry less weight, and investors focus on price trends to forecast and

expect asset values to grow at some constant rate. As § decreases, returns are determined
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more by social forces — hype from peers, rather than past performance, now justifies returns
and demand. In our data, we observe that a is roughly two times p — individuals weight

2

the sentiments of peers more heavily than recent returns. o~ serves to taper the impact of

sentiment, since investors are less certain in their signal and demand less of the asset.

5.1.2 Persistent fluctuations

The reversal in returns is an important feature that emerges from social contagion in in-
vestors’ price expectations. If large enough, these can produce bubbles in asset prices: ini-
tial momentum from positive news creates a price run-up, before an absence of news creates
a drought of new asset demand. The subsequent price crash carries on its own momentum.
We can treat demand as a latent variable to see these oscillations manifest in return data.

Substituting lagged demand into the equation for returns, and iterating infinitely yields

Coa )\ Siyo?
rt:—Z(—) Foop+ tﬁN (5.12)

as long as a/yo? < 1, so that the contribution of demand fluctuations to returns converges
to zero over time. This is an autoregressive model with infinite lags, where the coefficients
decrease exponentially with lag size T. Without any knowledge of asset demand, the second
term encapsulates an unobservable error term, which the model links to exogenous changes
in the asset’s supply. Eq. 5.12 demonstrates that an exogenous increase in returns at time
t is followed by a smaller decrease in ¢ + 1. This oscillation persists indefinitely, and would

converge to zero rapidly if the social signal a/yo? is sufficiently small.

5.2 Bubbles with peer effects

In addition to the setting explored above, we demonstrate how peer effects are relevant in

modeling bubble dynamics through incorporating them in an extension of Barberis et al.
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(2018). We highlight the relevant model details below, however, direct the reader to the
original paper for the full model setup. In the original model, extrapolators determine their
demand from a ‘fundamental signal” with weight w;, as well as an ‘extrapolation signal’ with
weight (1 -w;), and trade with fundamental traders in the market. The demand function for
extrapolators with non-varying temporal weights is:

Fy
17/02

M;

w —_—
yo?

+(1-w) (5.13)

Barberis et al. (2018) define M, (X; in the original text) as:

t—1
My =(1-06p) ) 60" (P =Py 1) +6'7' Xy,
k

=(1-0g)(P-y — P_p) + OpM,_;.

where Of is the weight placed on recent versus older price changes, and is between zero and
one.

We propose to modify extrapolator signal to incorporate a social component, M;:
M; = (1-0g)p; + O M; 4, (5.14)

where ¢, is the average sentiment determined from past price returns (extrapolation), as

well as a past expressed sentiments (persistent demand driven by peer effects),

b= (L1 —Po)+a iy, (5.15)

where * and a” sum to one.

We use our estimates for  and a to compare resulting bubble dynamics in the presence
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Figure 5.1: Bubbles with Different Parameter Values for a*, B*; We choose initial parameters similar to
those from Figure (1) in Barberis et al. (2018): w; = 0.1, 0% = 3, ¥ = 0.1, O = 0.1; extrapolators / social
investors make up 70% of investors, the remainder are fundamental traders; the quantity of the asset is set to
1. In Figure 5.2a, we choose that the fundamental value of the asset remains unchanged except for periods
11-14 when information is revealed resulting in an increase in the future dividend of the asset by 2,4,6,6
(respectively).

of peer effects to the original findings in Barberis et al. (2018) — our estimates demonstrate
that social investors on WSB place a relative weight a* of 0.6 on the sentiments of peers and
a relative weight * of 0.4 on recent returns. Figure 5.1 demonstrates that the values for a~,
B* control how long of a memory investors have. As a” increases, we observe that the bubble
takes a longer period of time to form and dissipate.

We run several additional simulations of the modified model for bubbles and present
the results in Figure 5.2. The simulations demonstrate two things. As documented previ-
ously, in an extrapolative setting, the existence of a social signal makes the bubble formation
process have longer memory; the bubble takes longer to form, and has a less defined peak.
Second, the modification allows a mechanism for bubbles to form as a result of a purely
social signals, thereby introducing the potential for ‘animal spirits’ among investors that

result in bubble-like dynamics.
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Figure 5.2: Bubbles with Social Investors; We simulate our modified version of the model for bubbles with

extrapolation (Barberis et al. 2018). We choose initial parameters similar to those from Figure (1) in Barberis
etal. (2018): w; = 0.1, 0% = 3, ¥ = 0.1, O = 0.1; extrapolators or social investors make up 70% of investors, the

remainder are fundamental traders; the quantity of the asset is set to 1. In Figure 5.2a, the fundamental value
of the asset remains unchanged except for periods 11-14 when information is revealed resulting in an increase

in the future dividend of the asset by 2,4,6,6 (respectively). In Figure 5.2b, we impose a comparable sentiment

shocks of 6 in periods 5,6,7.

5.3 Complex systems model with social contagion

The previous two sections present quantitative finance models for how extrapolation and
peer effects can impact asset prices. In this section, we take a complex systems perspective.
Despite there being a long-standing history of studying social movements with respect to
their tipping points (Lamberson et al. 2012, Moser & Dilling 2007), the connection to fi-
nancial markets is under-explored. This section’s contribution rests on bringing relevant
complex systems techniques to shed light on how social media can impact the financial
markets.
Consider a market for one asset with two types of participants: ‘hype’ investors, who buy

Y shares, and ‘non-hype’ investors, who buy quantity S. Their total demand is equal to the

number of shares outstanding,

Q=Y+S.
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We propose a model in discrete time t where hype investors observe the behaviour of oth-
ers, as well as the asset’s returns, before updating their demand for the asset to maximise
their expected utility. The goal is to study the stability of a market with social dynamics,
given that hype investors are able to move price. The key endogenous variable is asset de-
mand, which governs the propensity for hype investors to buy or sell the asset, thus shifting
demand Y;.

Total hype investor demand Y; is composed of i) the average demand across all active
hype investors, d; € [-1,1], ii) the average purchasing power of an individual hype investor
M/p;, where M are funds available to an average hype investor, and iii) the total number of

hype investors N:

Pt

We largely treat total funds available to hype investors MN as exogenous, and focus on
their decision to buy or sell the asset, reflected by their average demand d;. We endogenize
demand d; to change with the asset’s price, as well as the degree of coordination among hype

investors.

Individual investor demand We formalise a functional form for a given hype investor’s
demand d;;,;, indexed by i. The utility an investor derives from buying, or selling, the
asset is a function of other hype investors’ average expressed sentiment ¢, asset return r; =

p:/pi-1 — 1, as well as an error €;:

Ui(dip1 = +1) =€ +ad+ pry—yrE, Ui(di =—1) =€ —ap, - pr,—yri. (5.17)
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where f is a trend following (extrapolation) parameter, « is the network spillover effect from
peers (peer effects), and y captures aversion to large swings in price. In this manner, the
utility of buying(selling) the asset increases(decreases) with peer sentiment, as the investor
seeks to align their position with that of other hype investors. They must rely on sentiment,
because we assume that hype investors are unable to communicate the size of their position,
and instead only share their decision to buy or sell the asset. Utility also increases(decreases)
with recent price returns, and decreases(decreases) with return volatility. This imparts a
trend-following tendency for hype investor’s decisions, but also an aversion to large swings
in price. Residuals € and €; capture unobserved variation in utility among various hype
investors when buying or selling the asset.

While we do not observe demand on WSB, we observe sentiments. We interpret sen-
timents as a binary random variable with which a user expresses their preference to buy
(¢is+1 = 1) or sell (¢;;11 = —1) the asset. This allows us to determine the probability for
a hype investor to express a given sentiment, based on observed peer sentiment and asset
returns.

€; and €; refer to a random, exogenous element in individual preferences. We make
Assumption 3 about € and €;, which will allow us to find an expression for aggregate

sentiment.

Assumption 3. € is independent and identically distributed, following a type-I Extreme Value

(EV) distribution. The same holds for €; .

Assumption 3 is standard in the literature (Bouchaud 2013), and justifiable in our present
context since investors make a choice governed by a maximisation process.
An assumption on the distribution of the idiosyncratic terms €; and €; (Assumption 3)

allows us to derive an expression for the probability of bullish versus bearish sentiment. We
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write the probability of bullish sentiment as

P[U;(+1)> U;(-1)] = P(ef +ad,+ pry— yrtz >e; —ap,—pr— yrtz), (5.18)
=P(e; <€ +2a¢;+2pr), (5.19)
+00
= J Pe; <€l +2a¢,+2prle]) x p(e])de], (5.20)
e € +2ad,+2pr, 1 € € Jet
—ﬁm exp|—exp|-— 3 xﬁexp —ﬁ—exp ~31 €/,
(5.21)
ex ap+pry
__ew(T) (5.22)

where step 5.21 follows from the fact that we are integrating the cumulative density of €;,
with scale 2, over the support of €, with marginal density with marginal density p(e) =
exp[—€/2A—exp(—€/2A)]/2A. The final simplification comes from the fact that U(d; ;1 = +1)
and U(d; ;1 = —1) are symmetric in parameters a, 8 and 7.

This exercise yields the following:

. .- A
+1, with probability P(¢; ;1 =+1) = e;;ﬁgé?ﬁ;ﬁr)t)/(]jl,

i1 = (5.23)
—1, with probability P(¢; ;1 =-1) =

1
expl(agi+pry)/A]+1°

Investor i’s sentiment ¢; ;. is what we observe on social media, and is assumed to be an
honest evaluation of their investment decision d; ;, ;. Parameter A is a scale parameter for the
breadth of the error distributions, assumed to follow a Gumbel distribution, and specifies

the amount heterogeneity in individual investment preferences (Bouchaud 2013).
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Aggregate hype investor buying intensity We aggregate sentiments into an average mea-

sure ¢, using Eq. 5.23:

N
¢t+1 = Z (Pz t+1 — +1 (Pz t+1 = —
=1

xp[(ap;+ Bry)/A] -1
eXP[(Ofﬁbt +Br)/Al+1

= tanh[ﬁn%o@t]. (5.24)

Thus, Eq. 5.23 determines the evolution of average sentiments as a function of past senti-

ments, in addition to past returns.
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(a) Steady states of the hyperbolic tangent func- (b) Hyperbolic tangent function in ¢;; we plot
tion; we plot ¢ when the system has converged af- ¢, = tanh(a¢;/A) for three values of a/A.
ter 100 time steps for different values of a/A and  The function crossing the 45 degree line (solid
¢o- black) denotes a steady state.

Figure 5.3: Properties of the hyperbolic tangent; Figure 5.3a shows the bifurcation of the hyperbolic tan-
gent at a/A = 1. When a/A <1, ¢ = 0 is the unique, stable steady state. When a/A > 1, two new stable steady
states emerge, ¢* and ¢~, and ¢ = 0 becomes unstable. Figure 5.3b, shows the temporal behaviour of the
hyperbolic tangent function for different «/A. When a/A = 0.7, the function only crosses the 45 degree line
(solid black) once at the origin. For values of 1.5, in dashed orange, and five, in dot-dashed purple, it crosses
the 45 degree line in three places, indicating the emergence of two new steady states.

Properties of the hyperbolic tangent function The function in Eq. 5.24 is known as the
hyperbolic tangent function, which has received significant attention in the area of strategic

decision-making (Brock & Durlauf 2001, Bouchaud 2013). We highlight the key properties

of the hyperbolic tangent function in our application, as they are important components of
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our model’s stability. When a/A is between zero and one, the function produces one stable
steady state for ¢;,; = ¢, at zero. Two stable steady states, and one unstable one at zero,
emerge when a/A is greater than one, as shown in Figure 5.3a. Figure 5.3 presents a visu-
alization of the pitchfork bifurcation, as well as the temporal evolution, of the hyperbolic
tangent function (Hommes 2013). The stability of the system is critically dependent on a/A.
When the social signal a¢; is high relative to noise A, investor coordination is effective and
all hype investors converge on a similar investment strategy. On the other hand, if a/A is
low, then noise overwhelms the social signal — coordination fails and the zero steady state is

the only one that is ever reached.

Hype investor demand and market moves We complete our stylised model by linking
hype investor sentiments to price returns r,,;. Recall that, under market clearing, the shares
held by hype and non-hype investors must equal outstanding shares Q. For our purposes,
we make a simplifying assumption that non-hype investors keep the nominal value invested
in the asset fixed, so that

AptSt = 0.

This enables us to study the emergent price dynamics due to social dynamics in isolation
(even though our findings hold when this assumption is relaxed). Under this assumption,

the dynamics for price returns are:

MN

~—— —_——
(1) Capacity (2) Sentiment

X Adry . (5.25)

Eq. 5.25 follows from the first difference of the market capitalization:

A(Pr+1Q) = A(Prs1 Yer1) + A(pe1Siv1) = MN APy, g, (5.26)
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where equality holds because A(p;y1S:;:1) = 0 and the expression for p;.;Y;,; in Eq. 5.16.
Rearranging, and substituting r;,; = Ap;,1/p; yields the desired result.

Component (1) in Eq. 5.25, labelled ‘Capacity’, is a market depth term, measuring how
much market power hype investors hold, as a share of the total market capitalization of the
asset. Term (2) captures the change in their aggregate sentiment, which reflects underlying
trades of hype investors as they respond to lagged returns and sentiments.

Linking asset returns to sentiments is the main feature of the model, for which we make
an assumption for the process that generates sentiments as a function of individual hype
investor asset demands. This is relevant to our use of social media data, because demands

are unobserved.

5.3.1 Market stability in the presence of social dynamics

In the absence of any fundamental news, our model with hype investors generates the fol-

lowing dynamic system:

(141 = tanh Ml (5.27)
77;+1 = C(¢t+1 - (Pt)' (5-28)

where we simplify our initial expression for returns by defining the relative capacity of hype
investors C = MN/p;Q. The key dynamic of interest is the strategic coordination observed
among hype investors at a given point in time, ¢;, and its impact on asset returns. Therefore,
we focus on parameters «, 3, and C.

Egs. 5.27 and 5.28 are two simultaneous difference equations, with sentiment ¢; and
returns r; as state variables. Importantly, the evolution of aggregate sentiment ¢, is non-
linear. The system produces either one or three steady states, depending on parameter

values. In any steady state, returns r,,; = r; must be zero. The steady state values for

86



sentiments ¢ are governed by a/J, illustrated by the inset in Figure 5.5a: one at zero, then
two more at {¢", ¢~} when a/A > 1, which do not have a closed form solution. This yields
three steady states for the system as whole when a/A > 1, which we denote as (sentiment,
return) tuples: i) (0,0), ii) (¢, 0), and iii) (¢, 0).

Determining the steady states in a dynamic system is critical for understanding how the
system evolves over time. As the name implies, when a dynamic system is in its steady state,
it will remain there: in our case, sentiments and asset returns will note change. However, it
is not obvious how the system behaves outside its steady state(s). For example, if the asset’s
return is non-zero due to an external shock, or if a rumour rips through the hype investor
population and exogenously changes sentiments. To tackle this, we examine the stability of
each steady state individually.

We proceed by finding the Jacobean matrix for the steady states listed above: i) (0, 0), ii)
(¢*,0), and iii) (¢, 0). We then examine the stability of each steady state using the eigenval-
ues of the Jacobian evaluated at the steady states. We show that the key parameters govern-
ing the system are i) the consensus parameter «, the degree to which investors’ sentiments
mimic those of their peers, ii) the capacity parameter C, iii) the degree of trend following g,

and iv) the noise parameter A.

Finding the steady states We outline the steps taken to find our system steady states. By
definition, r, must be zero at the steady state. This means that steady states of the dynamic
system in Eqs. 5.27-5.28 are those for which ¢; is a solution to Eq. 5.27, which is the
hyperbolic tangent function displayed in the upper right hand corner of 5.5a. Zero is a
unique steady state when a/A < 1, and two further steady states emerge when a/A > 1.
Those two additional steady states are solved for numerically in all simulation exercises
(using a solving algorithm).

In a discrete time system, the type of stability around a steady state is dependent on
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the eigenvalues of the Jacobian matrix at the steady state. When a system has multiple
eigenvalues, different behaviours can emerge.
Egs. 5.27-5.28 can be rewritten as:
- r+a
¢141 = tanh [ﬁthbtl,

741 = C(tanh [wl — 1)

We calculate the Jacobian through taking the derivatives of the above system as follows:

a(pt+1 a¢t+1
] = Ay or; ,
I I
a(Pt art

which is equivalent to:

T A-sech?[E1E]  g/asech? [ ]
C(a//\ -sech? [ﬂ’%’m)t] _ 1) Cp/A -sech? [/ﬁ%wt]

and subsequently computing the values at the steady states (0,0) and (¢, 0).

The Jacobian matrices at the different steady states are

al/) B/A a/)-sech®(ag/A) B/A-sech?(ap/A)
J(0,0) = , J(9,0) = ,
C(a/A-1) CPB/A C(a/A-sech®(ad/A)~1) Cp/A-sech’(agp/A)

where ¢ € {¢pF, 7).
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The eigenvalues for the steady state at J(0,0) is subsequently determined by:

ald—x p/A
det = O)

Cla/A—1) CP/A—x

(a/A—x)(CB/A—x)—CB/A-(a/A—-1)=0,

x* = (/A +CP/A)x+CB/A-a/A—CB/A-(a/A-1)) =0,

x* —(a/A+CB/A)x+CB/A =0,

where we use non-standard notation for eigenvalue of x.

The corresponding eigenvalues for steady state (0, 0) are

_ CB/A+a/A++/(CB/A+a/A)?—4CB/A

. 2 (5.29)
_ 2 _
o - CBR/A+a/) \/(C/iz//\+a//\) 4Cp/A (5.30)

The eigenvalues for the steady state at J(¢, 0) is subsequently determined by:

i a/)-sech®(a¢/)) - x B/A-sech®(ad/A) o
C(a/A-sech®(ag/A)—1) CP/A-sech’(ad/A)—x

X2+ (a/) -sech®(ad/A) — x)(CB/A - sech?(agp/A) — x)

—~(B/A-sech®(ap/A))(C(a/A-sech’(ap/A)-1)) =0,

x2+ Cap/A?-sech*(a¢p/A) - x((CB +a)/A)-sech®(a¢/A)

—Cap/A? -sech*(ap/A) + (CB/ A -sech?(ap/A))

0,

x% = x((CB +a)/A)-sech?(a¢p/A) + (CB/A-sech?(agp/A)) = 0,
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where we use non-standard notation for eigenvalue of x. The eigenvalues at (¢, 0) are

sech?(a¢p/N)(CB +a)/A + \/sech4(a<l)//\)((C[3’ +a)/))2 —4CPB/Asech?(agp/N)

X1 = > y (531)
sech?(ap/A)(CB +a)/ ) - \/sech4(0c<i)//\)((Cﬁ +a)/)\)2 —4CPB/Asech?(agp/N)
X = . . (5.32)

These expressions trace out different regions of stability as a function of C$ and « in
Figure 5.4. We drop A in the next stage of our analysis, as it can be treated as a constant that
affects parameters a and Cp equally — therefore exploring variations in A is subsumed into

varying a and Cp.

4] 4]
(A)
3 3{(E)/ (F)
S 2 (B) (1) S 2
! 1 (G)
(C) \
0 (D) 0o{(H)
0.0 05 1.0 15 1.0 15 2.0
a a
(a) (0,0) (b) (¢*,0) and (¢~,0)

Figure 5.4: Stability regions of the steady states for Eqs. 5.27-5.28; the regions for different types of steady
states around (¢, = 0,7, = 0) are marked on the left, and those for (¢ = ¢*, 7 = 0) and (P = P, 755 = 0)
(which coincide due to the symmetry of the sech function), are on the right. The eigenvalues at (0, 0) displayed
in Figure 5.4a are: outside the unit circle and real in (A), outside the unit circle and complex in (B), inside the
unit circle and complex in (C), inside the unit circle and real in (D), one inside and one outside the unit circle
in (I). They are found by evaluating equations 5.29, 5.30 for different parameter values. The eigenvalues at
(¢,0) are: outside the unit circle and real in (E), outside the unit circle and with an imaginary component in
(F), inside the unit circle and with an imaginary component in (G), inside the unit circle and real in (H). They
are found by evaluating equations 5.31, 5.32 for different parameter values.

Figure 5.4 is drawn by solving numerically for the points Cp for which the eigenvalues
in equations 5.29, 5.30, on the left, and equations 5.31, 5.32, on the right, switch between
the different stability regions. Specifically, we solve for when the complex part of the eigen-

values are equal to zero or not equal to zero, and the eigenvalues are within or outside the
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(a) Stability regions for returns and sentiments: in the region where a < 1, we observe one steady state where
;s = 0 and ¢4 = 0; in the region where a > 1, we observe three steady state where ry; = 0 and ¢, can take on
values of ¢*, 0, ¢~. As noted in the inset bifurcation diagram (upper right) the ¢* and ¢~ are stable steady
states and are indicated with a solid line, whereas ¢, = 0 is unstable and is indicated by a dotted line.
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(b) Phase diagrams with different parameters: this plot shows the different trajectories that sentiments and
returns can take when the system begins outside of a steady state.

Figure 5.5: Stability of Returns and Prices; The behaviour of price returns changes qualitatively with the
intensity of social contagion (&) and the financial capacity of hype investors (Cp).

!t is important to note that we do not observe certain system behaviours within our parameter space for a,
B, C - chosen to be consistent with social contagion and trend-following behaviours discussed in the previous
chapter. We do not observe eigenvalues crossing outside of the unit circle at -1; this would only be possible if
we considered negative parameter values. We also only observe x; crossing outside and x, remaining inside
the unit circle at & = 1; a state where the system transitions between stability regions.
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Common system behaviours Table 5.1 shows some types of common behaviours around
steady states, as they relate to the Jacobian eigenvalues. The key behaviours of relevance
are: (i) the existence of an imaginary part of an eigenvalue, and (ii) whether the modulus of
an eigenvalue lies within the unit circle. We explore eigenvalues in parameter regions that
are consistent with our empirical analysis in the previous chapter: namely where Cf > 1
and a > 1. For these parameter values, the eigenvalues cannot be negative — therefore, we

explore when the modulus becomes greater than one.

Table 5.1: System behaviour around steady states and Jacobian Eigenvalues

lx;| < 1 I(x;) =0 stable node / sink

lx;| < 1 I(x;)= 0 stable focus / spiral sink
lx;| > 1 I(x;) =0 unstable node / source
lx;| > 1 I(x;)=0 unstable focus / spiral source

Notes: The behaviour of our system around our steady states is dependent on the eigenvalues of the Jacobian
at the steady states. Here we describe some of the most common eigenvalue combinations and behaviours. For
a more comprehensive review, see Hommes (2013).

Figure 5.5a shows the different steady states that emerge within our system from the
Jacobian for different parameter values of a and Cp. Qualitatively different behaviours
emerge within the different stability regions of Figure 5.5a. These are illustrated in Fig-
ure 5.5b, where the paths display cyclicality all regions except (D) and (H), quasi-periodic

dynamics in regions (A), (B), (E), (F), or direct convergence in regions (D), (H).

Overview of Stability Analysis The system exhibits different types of behaviour, depend-
ing on parameter values a, §, C. We highlight key system dynamics, as they relate to Figure

5.5a, below.

 Pitchfork Bifurcation: As parameter a becomes greater than one, we observe a su-
percritical pitchfork bifurcation in ¢. When a < 1, the system has one stable steady
state for the sentiment variable ¢ = 0. When a > 1, the system has one unstable steady
state at ¢ = 0, and two stable steady states: one above zero and one below zero. This
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indicates that in an environment with strong social reinforcement (a > 0), individual
sentiments can persist, even in the absence of any change in returns - this analytically
underscores the conditions for animal spirits or long-term memory in the social set-
ting. The pitchfork bifurcation is displayed in the inset in Figure 5.5a. Regions A, B,
C, D are those where ¢ exhibits a single steady state; regions E, F, G, H are those where

¢ exhibits two stable steady states and one unstable steady state.

Stable versus Unstable System: We consider whether the modulus of the system’s
eigenvalues moves outside of the unit circle. Specifically, from the functional form of
the eigenvalues, one can observe that the eigenvalues do not become negative for our
parameters of interest. For this reason, we consider when the modulus of the eigen-
values becomes greater than one. Analytically, we observe that the eigenvalues are
smaller than one in the regions C, D, H, G: in these regions, we observe that returns
and sentiments converge to their steady states. The system has eigenvalues that are
larger than one in the regions A, B, E, F: in these regions, we observe the system orbit-
ing the steady state(s) (later analysis of the Lyapunov exponent allows us to study the
long-term behaviour of these orbits). Such system behaviour can help explain well-
established economic tendencies, such as mean-reversion in the markets and large

asset returns in the absence of fundamental news.

Oscillatory Behaviour: the existence of an imaginary part of an eigenvalue determines
whether the system exhibits oscillatory behaviour. The system has a non-zero imagi-
nary part of the eigenvalues in regions B, C, F, G. The impact of oscillatory behaviour
is best seen through the comparison of the system’s behaviour in regions with, versus
without, the an imaginary eigenvalue in Figure 5.5b. In the trajectories for price and
sentiment in Figures D, H, both variables converge directly to their steady states. In the

direct counterpart to these figures for the system with imaginary eigenvalues (Figures
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C, G), on the other hand, returns and sentiments fluctuate along their trajectories be-
fore converging to a steady state. Similarly, in regions A and E where eigenvalues have
a zero imaginary part, the system directly moves to cycle around the steady state(s).
In regions B, F minor oscillations along the trajectory are visible (the diversion is rela-
tively small, as it is our objective to explore the state-space in regions where parameter

values are consistent with our empirical observations from the previous chapter).

5.3.2 The recent impact of WSB

What has happened to the markets with the influx of eager retail traders onto investment-
centric discussion forums? Despite investor discussion platforms having some traction
from the early 2000s (with niche groups of investors using myForexBook, StockTwits, or
SeekingAlpha), the rise to prominence of the WSB subreddit forum constituted the first
widespread coordination attempt among retail traders. By the end of 2023, the forum had
gained 15M followers.> Shortly after the GameStop short squeeze, news outlets noted the
shift in the investment climate, such as the fact that one in five investors claimed that they
had used Reddit to drive an investment decision.’

In this section, we study the effects of changing the key parameters in our dynamic sys-
tem at various points in time and for different assets discussed on WSB. Several parameters
we expect to remain relatively stable over time and are, therefore, of low interest to this
chapter. These are not driven by social media, but rather characteristics of the investor
population. Using survey data, we assume that the average hype investor holds $10,000 in

funds.*> We estimate ) to be approximately one.

We are able to observe a and f for users active on WSB, as well as for specific stocks. We

Zhttps://subredditstats.com/r/wallstreetbets

Shttps://markets.businessinsider.com/news/stocks/reddit-retail-investor-trend-survey-soc
ial-media-wallstreetbets-wsb-stock-2021-4-1030366600

4https://andriymulyar.com/blog/how-a-subreddit-made-millions-from-covidi9

Shttps://www.reddit.com/r/wallstreetbets/comments/a2qvj3/wsb_demographics_survey_ result
s_a_portrait_of/
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take into consideration the evolution in the number of users N discussing an asset as a func-
tion of returns and sentiments, endogenously increasing capacity C. An adapted epidemic
contagion model serves particularly well in predicting the number of new discussants for an
asset, based on the number of users previously discussing it and its returns. These findings
are detailed in Appendix 5.C. Variation in user count compels us to vary C, and gauge what

dynamics dominate market stability using our model.
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Figure 5.6: Sentiment and Return Bifurcation Diagrams; The final value from the 1000 timestep of the
dynamic system in Egs. 5.27-5.28 are plotted for the average a and § values observed on WSB (a = 0.05 and
B = 0.22) with different values for C in plots A and B. Plot A displays final values for returns, while B displays
sentiments. Capacity C varies between zero and ten. For each C value, we perform 100 simulations with
initial values for r drawn from a normal distribution with mean zero and standard deviation of 0.05, and with
¢ initiated at zero. We plot the distribution of the returns and sentiments for all 100 simulations at the 1000*"
time step for C = 6 above regions (II) and C = 8 above region (III). Plot C displays the highest Lyapunov
exponent estimated using the Jacobian Matrix algorithm, as described in Wu & Baleanu (2015).

Typical system behaviour Across all assets in our sample, we find an average value of
a =0.05and B = 0.22 (both coefficients are significant at the 1% level) — the estimates differ

slightly to those in Chapter 4 as we use our complete sample of data to perform the esti-
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mation as our explicit goal for this model is to study tipping points (so capturing the GME
short squeeze in our sample is of particular relevance). Figure 5.6 displays the resulting
price and sentiment dynamics that occur as we vary C. For each value of C, we display our
the final returns r, and sentiments ¢, from 100 different simulations at the 1000*" time step.
The simulations are initialized with ry, drawn from a normal distribution with mean zero
and standard deviation of 0.05. The goal is to better understand how a small perturbation
from the know steady-state of r = 0 and ¢ = 0 may impact price and sentiments when social
investors are present.

Panels A and B in Figure 5.6 demonstrates that capacity C would have to be unreason-
ably large — total funds of WSB users must be over four times greater than the asset’s market
capitalization — for the system to fall out of stable region (I), and into a regime with quasi-
periodic cycles (II). Despite such a capacity being high for the market as a whole, however,
for specific stocks such as GME, RAD and AMD with lower market caps — reaching a capac-
ity that is several times the market cap of these stocks (using social media as a coordination
platform) is well within the realms of possibility. These parameters reside largely in regions
(C) and (B) from Figure 5.5.

Figure 5.6’s region (II) displays quasi-periodic dynamics. The system’s behavior does
not precisely repeat itself, and the return time-series appears irregular. This pattern is ev-
idenced by an estimated Lyapunov exponent close to zero, as seen in Panel C. However,
the concentration of final values of 19y and ¢99 demonstrates a higher probability for us
to observe extreme values for r; and ¢; (a uniform distribution for r;og9 and ¢199p would
have suggested chaotic dynamics). The degree of periodicity (as well as the maximum and
minimum values for the fluctuations) in this region vary for different values of C.

In region (III) of Figure 5.6, the system enters a stable cycle. This is evidenced by the

estimated Lyapunov exponent switching from zero, to a range of negative values in Panel C.
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The system moves between a finite number of states, without visiting intermediate values
for r and ¢. The contrast between the irregular cycles in region (II) and the regular kind in

(IIT) is discussed below.
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Figure 5.7: Increasing the capacity C of hype investors introduces quasi-periodic cycles,
and eventually fully periodic cycles into the dynamics of returns and sentiments;

Periodic dynamics Figure 5.7 helps understand the dynamics behind the bifurcations ob-
served in Figure 5.6. For three values of capacity C, we let the simulation run for 1000 it-
erations. At that point, the dynamics stabilise, and exhibit somewhat irregular cycles when
capacity is five and seven. At those values, the system exhibit a Lyapunov exponent equal to
zero, meaning that two series outside of fixed point equilibria do not converge, nor diverge,
at any rate. Once capacity is large enough, for example at nine times the valuation of the

asset, the system exhibits periodic cycles, and a negative Lyapunov exponent.

System behaviour for specific assets Have hype investors actually destabilized the mar-
kets? From our average estimates, it is clear that WSB users would have to have access to

vast amounts of capital to cause market fluctuations. However, the picture is more nuanced

97



on a granular level. To demonstrate this heterogeneity, we estimate a and S for specific
stocks.

We present a sample of our estimates in Table 5.2. Within our sample, we observe that
WSB users exhibit varied degrees of trend following and social contagion. In the case of
AAPL, for example, trend following appears to play a significant role. For GME, both trend
following and social contagion have modest, but persistent effect. The outsized market cap-
italization of AAPL relative to GME, as well as the number of active discussants, played an

important difference.

Table 5.2: Estimates for a and f for different assets

Ticker Name Market Cap. a 5
(Dec. 2020, $M)
VXRT Vaxart, Inc. 837 2.05(0.21)*** 0.77(3.62)
TLRY Tilray Brands, Inc. 1,078 0.35(0.07)*** 0.38(0.70)
PCG  PG&E Corp. 25,184 0.29(0.10)*** 2.35(2.03)
GME  GameStop Corp. 1,030 0.07(0.01)*** 0.13(0.04)***
EA Electronic Arts, Inc. 36,881 0.42(0.12)*** 27.78(10.51)***
AMD  Advanced Micro Devices, Inc. 111,407 0.09(0.03)*** 1.62(0.91)%
AMC  AMC Entertainment Holdings, Inc. 355 0.07(0.02)*** -0.08(0.14)
AAPL  Apple, Inc. 2,086,461 0.12(0.04)**  9.44(3.40)***
MU Micron Technology, Inc. 74,922 0.01(0.72) 4.95(0.00)***
RAD  Rite Aid Corp. 730 0.06(0.47) 3.40(0.01)***

Notes: this table lists the parameter estimates for @ and p for specific stocks in our WSB sample. Standard
errors (calculated while accounting for autocorrelation with one lag and heteroskedasticity) are presented in
parentheses next to the estimate. For implementation please reference Seabold & Perktold (2010).

*** Significant at 1% level ** Significant at 5% level * Significant at 10% level

Figure 5.8 demonstrates how specific values for a and f can lead to substantially differ-
ent dynamics. In the case of AAPL and EA, for example, the combination of a high degree of
trend-following and social contagion results in a bifurcation occurring when social investors
possess much lower capacity. In the case of EA, we observe destabilizing impacts when the
total capacity C of social investors is less than 5% of the stock’s market cap — a quantity not
beyond the realm of imagination, given that WSB reached 15M followers by 2023.

In the case of GME, the lower estimates for a and $ imply stable asset price dynamics
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Figure 5.8: Specific Stock Returns and Sentiments Entering Unstable Territory
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Figure 5.9: GameStop Asset Returns and WallStreetBets Interest

until hype investors reached a certain capacity. However, after a certain capacity threshold

is exceeded for hype investors, the asset returns and investor sentiments undergo a bifur-
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cation. This hypothesis is consistent with the data, where GME returns appeared relatively
stable until the WSB discussion forum increased in size and focused it’s attention on GME.
At this point, the time-series of returns experienced a changepoint, as displayed in the bot-
tom of Figure 5.9. These returns again reverted to a more stable regime once hype investors

lost interest in the asset, and their overall capacity diminished.
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Appendix

5.A Equilibrium Model Appendix

Complementarity in demand We study the role of complementary investment decisions.
To that end, the model operates in two stages. In the first stage, investors build their expec-
tation for the asset’s value, using observed signals from their peers and their expectation of
the market-clearing price as a function of the expected, and as of yet hidden, supply shock.
In the second stage, the asset supply shock is revealed, and investors execute their trades
according to their demand curve.

Investor i who expects value [E;(v) and understands the price setting mechanism. In-

vestor i’s maximised payoff from Eq. 5.1 is

E?(v -
C@ =t (5.33)
= %Ei(v—p)dff (5.34)
— [Ei(0) - E()]; + refL iqﬁ* b; (5.35)
2t P 2 |N ; U R '

where E(v) = 1/N ) [E;(v) as before. Here, investors base their price expectations on the
simple equilibrium in Eq. 5.3, but use their personal expectations and constant uncertainty
o2 to forecast price in the second stage. Eq. 5.35 demonstrates that the investor’s payoff
depends on their peers in two regards. First, payoffs increase to the degree that the investor
in question expects to outperform others, in terms of the value they realise in the asset. This
is seen in the first component, by which buying(selling) the asset increases the payoff to the
extent that i’s expected value E;(v) is higher(lower) than that of their peers. Second, the

payoff increase by the average optimal asset demand of all investors in the economy.
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The asset demand model predicts that social interactions — knowledge of other’s asset
purchases — is a significant component of investors” welfare in expectation. Eq. 5.35 is a
well-known formulation for strategic interactions between agents acting under quadratic
loss (Zenou 2016). Deriving Eq. 5.35 with respect to two investors’ demands reveals their
strategic complementarity:

d*L(P])  yo?
dgrdp; ~ 2N

> 0. (5.36)

The emergence of strategic complementarities is due to a crowding effect that investors have
on price. The higher asset demand by other investors, the higher the realised price will turn
out to be. Before the value of the asset is revealed, investors are motivated to gauge demand
by others to better estimate what the price will be, in excess of their personal valuation.
The unweighted average of peer sentiment in Eq. 5.35 emerges because we did not pro-
vide a specific mechanism by which information about asset demand is transmitted. The
acquisition of information under some cost to the investor is an interesting extension, al-
though already studied by Hellwig & Veldkamp (2009). Their study offers more rigorous
insight into the manifestation of strategic complementarities, as well as the emergence of
multiple equilibria, when investors seek to learn about the underlying price from a set of

possible signals.

5.B Complex Systems Model Appendix

Asymmetric Upside and Downside Probabilities A potential shortcoming of our ap-
proach is the fact that U(d;;,; = +1) and U(d;;,; = —1) are symmetric in parameters a, 3
and y. However, it is well-documented that individuals are not symmetric in their percep-

tion of downside loss versus upside potential (a tendency referred to as ‘risk aversion’). On
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the other hand, some may argue that ‘hype investors’ are not representative and may have
risk-seeking tendencies. These arguments potentially motivate keeping the parameters for
upside potential and downside loss distinct. This analysis allows us to arrive at the quantal
response function for the probability of positive or negative sentiment:

exp[(a¢t+[3’rt—yrt2)/2/\]
p[(aqﬁﬁﬁrt—yrf)/2/\]+exp[(—a¢t—[j’rt—yrf)/2/\] ’

exp[(—aq)t—ﬁr,—yrtz)/fz/\]
xp[(a¢t+[3’rt—yrt2)/2/\]+exp[(—aq{)t—ﬁn—yrtz)/Z/\] ’

+1, with probability
(PD _ ex
it+1 =

—1, with probability -

We briefly explore this asymmetry in our empirical results, however, accurately estimat-

ing such parameters separately is potentially a fruitful extension of this work.

5.C Hype investor interest

In the WSB context, we would expect awareness about specific assets to spread from one
user to another, in line with the observations of Shiller (2005), Banerjee (1993) and Banerjee
et al. (2013). The emphasis of this section is not on identifying a causal relationship, but
rather understanding the dynamics which govern asset interest among investors. These
insights, combined with a mechanism for investors’ joint sentiment adoption, allow us to
paint a more complete picture of retail investor decision-making and the resultant stock
market dynamics.

We model the log-odds of an author posting about stock j over a baseline using the

following linear model:

a]"t

l(aj’t) = log(s—) = Caj,t—l(l - a]"t_l) + da]"t_l + ﬁl fj,t—l + /320—]%t—1 + X]ﬁ4 + (:]',t, (537)
t

where t denotes time (in weeks), the baseline s; is the probability of posting about a stock

that is not widely discussed within the forum (a stock that is mentioned in fewer than 31
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submissions within our sample), a;;_; is the share of all active investors who post about
ticker j at times ¢t —1 (a;, € [0,1] for all j and t), 7j,_; is the average log-return in f -1, and
G]%t—l is the variance of the same log-returns. X is a vector of stock dummies.

Our framework is inspired by Banerjee et al. (2013) — individuals become interested in
an asset due to their peers and thanks to a public signal of the asset’s performance. Param-
eter ¢ captures the rate of independent mixing between investors aware of stock j, a;; 1,
with unaware investors, 1 —a;; ;. Parameter d captures the rate at which aware investors
lose interest. The latter terms control for the asset’s perceived profitability and riskiness.
Parameter f; is a ‘quality of signal’ term capturing how well the asset has performed in the
past, and f; a ‘noise of signal’ term, measuring the asset’s recent volatility. We propose that
coefficients ¢ and f; are positive — implying that these dynamics contribute to increased
interest in a stock — while d and f3, are negative.

The choice to aggregate over weeks is done to address the sparsity of submissions, es-
pecially pre-2017. In addition, we categorise stocks mentioned fewer than 31 times since
January 2012 into an ‘other stocks’ group, which forms our benchmark s;.

We also consider a different formulation where we test for the direct impact of historical
peer sentiments and the interactions between historical sentiments and returns / volatility:
(ﬁ]-,t_Qr‘j,t_l, cﬁj,t_z and (ﬁ]"t_20]%t_l. This formulation allows us to evaluate whether WSB users
are more likely to discuss a stock if the predictions of their peers have been correct, and

accurate, in the past.

5.C.1 Results

The OLS estimates of our model in Eq. 5.37, presented in Table 5.C.1, demonstrate that
WSB users follow each other in their choice of stocks. There is strong evidence that the

homogeneous mixing property partially explains the uptake of new assets: using estimates
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Table 5.C.1: Stocks discussed on WSB

Dependent variable: 1(a;,;)

(1) (2) (3) (4)
ajr1(l—ajeq)  71.58"(5.62)  71.52°(6.48)  41.32""(7.63)  40.45"" (8.34)
a1 ~30.20" (4.65) —29.99** (5.32) —15.19" (6.04) —14.75" (6.62)
7t 0.92** (0.29) 1.83"*(0.26)
f{ﬁt_l -1.52** (0.30) 0.25 (0.36)
G -2 -1 2.09* (0.83) 3.55"* (0.68)
$F1 507 ~4.69" (1.77) 2.14 (1.61)
Constant —4.02"* (0.01) —4.04" (0.01)
Ticker FE No No Yes Yes
Number of obs. 25,637 12,708 25,637 12,708
Adjusted R? 0.25 0.35 0.10 0.14
F-statistic 2,166.05 1,699.32 825.40 660.10

Notes: this table presents OLS estimates for the log-odds of users discussing stock j in week t, over a collection
of stocks that are mentioned fewer than 31 times. Explanatory variables include: the lag in the share of authors
discussing j, 4;;1, the interaction with the share of authors not discussing j, a;;_1(1 —a;; 1), as well as the lag

in stock j’s weekly average log-return, fit-1, and variance, O']%t_l. In columns (2) and (4), the average log-return

is multiplied by the two period lag in the average sentiment expressed among WSB submissions on stock j,
¢j-2, and the variance in log-returns by the same sentiment’s square, ¢]2t—2‘ Columns (3) and (4) include

stock-specific fixed effects. Accompanying standard errors, displayed in brackets, are clustered at the stock
level, and calculated in the manner of MacKinnon & White (1985).
*** Significant at 1% level ** Significant at 5% level * Significant at 10% level

in column (1), an increase in the share of authors discussing stock j from 0.1 to 0.2 increases
the ratio of authors discussing j over ‘other stocks’ in the following week by approximately
threefold. This is contrasted by an increase from 0.2 to 0.3, which prompts a decline in
the ratio of authors discussing j over ‘other stocks’” by 50% — the difference is driven by
the large negative coefficient on 4;,_;. This is strongly reminiscent of epidemic contagion
models, adapted to the spread of narratives Banerjee (1993), Shiller (2017).

When we consider the impacts of stock-specific variables in isolation, presented in columns
(1), (3) in Table 5.C.1, volatility and returns appear to be leading factors for authors decid-
ing what asset to discuss. Average, historical returns are statistically significant at the 1%
level in columns (1) and (3), indicating that discussion sizes are stimulated by large, notably
positive, returns. Examining the coefficient in column (3), a stock that experienced a 5%

greater return in one week is the subject of about 7% more submissions than usual. Volatil-
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ity appears to play a greater role in our formulation without ticker-specific effects, with its
significance declining from column (1) to (3) — a factor perhaps explained by the choice of
hype investors to overlook recent volatility in certain assets, but not others. Our alterna-
tive formulation presented in columns (2) and (4), estimating the effect of the correctness
and consistency of past WSB predictions in an asset, appears to have some significance in

explaining asset interest.
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Chapter 6: Has Social Investing Destabilized Financial Markets?

Chapter 4 documents two important contributors to sentiment formation among social
investors — extrapolation and peer effects. Chapter 5 considers potential emergent market
dynamics that can result from investors operating based on their sentiments (driven by the
previously documented peer effects and extrapolation). This chapter reconciles our mod-
eling exercises with observations from the market. We provide evidence: of the fact that
investors trade based on their expressed sentiments (using position screenshots) and ex-
pressed asset interest (using Trade and Quotes data), of the market impact of viral online
content, and of the participation of social investors in assets experiencing bubbles.

We investigate changes in retail trader asset demand by tracking retail investor trades,
using the methodology from Boehmer et al. (2021). We observe that changes in asset interest
on WSB explain a significant fraction of changes to retail trading behaviour (Section 6.2).

A key challenge to analysing returns is that sentiments and returns are co-determined
in equilibrium. If returns are high, sentiments are also high. Conversely, if sentiments are
high, buying pressure will also increase returns contemporaneously. Our strategy exploits
the heavy tails in the popularity of discussions on WSB for identification and demonstrates
that sentiments expressed in submissions move asset prices as a function of their virality —
as proxied by their comment count (Section 6.3).

In a final empirical test, we identify bubble-like dynamics in assets and verify that WSB
users have a significantly greater interest in assets whose price experiences as a sharp rise,
but subsequently implodes, as compared to those that have a sustained increased in price
follows by price stability (Section 6.4).

Additional work not included in the thesis also demonstrates reversion in returns and

asset price cyclicality in the presence of social investors.
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6.1 Isn’t all of this just talk?

Why should we care about the sentiments people express about assets online? Anecdotally,
the GameStop short squeeze demonstrated that the online discussions on the WSB forum
have impact on assets. However, this does not constitute evidence of the fact that people
follow through on the investment strategies they discuss online systematically.

To address the concern that WSB sentiment data has limited impact on investment de-
cisions, we utilize screenshots that users post of their investment positions to test whether
they follow through on their expressed sentiments. We extract approximately 9,000 images
from WSB — we focus only on image-related URLs (such as ones with the domain name
‘imgur’, an image-hosting site) mentioned in posts of authors who had previously posted
about a ticker. We hand-annotate a third of the images. Specifically, we manually annotate
the image, if it is a position screenshot, with i) the tickers in the screenshot and ii) the po-
sitions (long or short) the author displays. The position taken by author i in asset j, B; j, is
annotated as +1 if the author is long in the asset, and -1 if the author is short.

We note that the sample of screenshots is biased. Authors on WSB are socially incen-
tivized to share extreme losses (known at ‘loss porn’ on the forum) or gains. We, there-
fore, observe relatively few positions, as compared to sentiments. The positions data is also
skewed towards long positions, which is consistent with the skew towards bullish senti-
ments on the forum. However, despite these shortcomings, the positions provide sufficient
variety in investment strategies to test whether people trade on their expressed sentiments
on WSB.

We match the ticker screenshot to a submission posted before/simultaneously with that
screenshot by the same author and about the same ticker. We regress the most recently

expressed sentiment by author i about asset j (our key sentiment variable @; ;) on the log-
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odds of the position B, ; extracted from their screenshot being long versus short:

log P(BL = A0, i +ul. (6.1)
P(B; =-1) Wi T gt

where A° measures the pass-through rate of sentiment into eventual investment positions.
In an alternative formulation, we represent the past sentiment as three categorical variables:
(f)l_]l, ? i ;L]l, which take on a value of one if the author’s sentiment is labeled short, neutral

or long, respectively (and a value of zero otherwise).

Table 6.1: Follow-through on WSB Advice

Dependent variable: Position in Asset j of Author i

B; ; - categorical

(1) (2)

D; ; 0.72 (0.09) ***
Iy -0.97 (0.29) ***
i 0.66 (0.21) **
j} 1.84 (0.27) ***
Observations 278 278
Pseudo-R? 0.14 0.17

Notes: This table presents estimated log-odds coefficients for two logit models for the relationship between
the sentiment expressed by user i about asset j and the subsequent long/short position the user reports (see
Eq. 6.1). Sentiment estimates are presented in two ways: (1) the continuous log-odds of the author expressing
positive over negative sentiment ®; ;, and (2) as a categorical variable where ¢1_]1 corresponds to the expression

of negative sentiment, ({)?j - neutral, ({):']1 - positive.
*** Significant at 1% level ** Significant at 5% level * Significant at 10% level

Results Table 6.1 presents the coefficients of past sentiments regressed on future posi-
tions, estimated using a logistic regression. We observe that an author’s sentiment is highly
correlated to their subsequent holdings of the stock. Let us consider the results in column
(2) — an author creating a bullish post about an asset raises the probability of a long versus
short investment by over six times. Furthermore, this specification of the logistic regression
predicts an author’s position with over 75% accuracy. The positions data gives us confidence
that investors do trade based on their discussions and expressed sentiments. We consider a
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more comprehensive sample of retail investor trader in the following section.

6.2 Evidence of trading

We test for a link between discussions on WSB and changes to retail investor demand, ap-

proximated by the fraction of retail investor trades executed in the market.

Variable Definition Retail trader activity is identified from Trade and Quote (TAQ) data
— a dataset containing all transactions for listed stocks in the United States. We leverage the
fact that retail transactions are offered price improvements and, therefore, may execute at
a fraction of a penny. To identify retail traders, we first filter trades to those with exchange
code = ‘D’ in TAQ. In the remaining trades, we identify those that execute at a fraction of a
penny as retail transactions. Specifically, let Z; ; = mod(100 = P; ;, 1), the fraction of a penny
associated with the transaction price in stock j at time t. If Z;; is in the interval (0,0.4) or
(0.6,1), the transaction is coded as a retail transaction. We define a metric for retail trade

fraction in asset j in week t,, as:

R _ ysretail total
P]’tw - ‘/]'tw /‘/]’tw ’

where er;:;ail is the sum of the sizes of all trades labeled as retail transactions using the
method above in asset j in week ¢, and V]t‘;:jal is the sum of the sizes of all trades in asset j in
week t,, from TAQ. Our variable of interest — the change in retail investor trading fraction —
is defined as:

R _pR _pR
AFj'tw o Pj'tw F]rtw_ll
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We design a similar monthly metric, AFR

i, O track changes in retail trade volumes on a
rim

monthly scale. Importantly, a change in news or asset-level characteristics cannot justify a
change to AF]I-?tw, since it would affect retail traders and institutional investors. Our met-
ric, therefore, allows us to distinguish between changes to retail investor preferences versus
overall market shifts.

Our goal is to consider whether discussions on WSB explain variation in the fraction of
retail investor transactions in the market. We define a metric tracking the prevalence of
discussions about asset j in week t,, on the forum versus the overall number of posts about
assets on the forum, Pﬂw, defined as the number of posts mentioning asset j in week t,, over
the total number of posts mentioning assets in week t,,. Our predictor of interest is defined
as:

W _ W _pW
AFj'tw o Pj'tw P]'tw_l'

the change in the fraction of posts discussing asset j on the forum.

Analytic Approach Our goal is to demonstrate that changes in discussions among re-
tail investors are accompanied by changes in retail trading volumes. We regress change

in weekly (monthly) retail trade fractions on the changes in ticker importance on the forum:

APftw - ﬁvAF]Ij\’—{w * 17] + €j'tw’ (62)

where 1; are ticker fixed effects, and €ity is an error term. We repeat the same exercise,

except with variables computed at the monthly time scale, ¢,,.

Results We propose that tickers that are popular on WSB are more likely to be linked to

changes in retail trader order flow. For this reason, we look at the trading patterns of the
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Table 6.2: Retail trade volume versus the WSB discussion

Dependent variable: AFﬁt

Weekly Changes Monthly Changes
(1) (2) (3) (4) (5) (6)
Pooled Pooled Top 25% Pooled Pooled Top 25%
(market cap) (market cap)
AP]-VX 0.098™ 0.098™ 0.167* 0.261™* 0.253™ 0.505"
(0.019) (0.019) (0.030) (0.049) (0.049) (0.033)
Ticker FE No Yes No No Yes No
Observations 3,503 3,503 1,040 776 776 232
Rgd]. 0.007  0.000 0.028 0.035 0.011 0.116

Notes: this table presents the OLS estimates for the influence of changes in WSB discussion interests on retail
trading patterns. Columns (1), (2), (3) present the weekly estimates, while (4), (5), (6) present the monthly
ones. Columns (3) and (6) consider the estimates for the top quartile of stocks, by market cap, within our
sample. All standard errors are clustered at the ticker level.

*** Significant at 1% level ** Significant at 5% level * Significant at 10% level

twenty most popular tickers, by year, on WSB between the years 2017 and 2020. Table
6.2 presents our main result. Changes in discussion popularity of tickers are statistically
significant for explaining changes in retail trading behaviour at the weekly and monthly

level. The monthly estimates appear more significant and help explain a greater variation

2

in the dependent variables, as per the Rud]..

In columns (3) and (6), we repeat the exercise but only consider the stocks that are within
the highest quartile by average market cap between the years of 2012-2020 within our sam-
ple: AAPL, AMZN, BA, BAC, DIS, FB, GE, GILD, MSFT. We observe that the coefficients on
AF}j\Z at the monthly and weekly time frame are more significant in this formulation and
explain a greater fraction of the variation in changes in retail investor trading activity. At
the monthly time horizon, 10% increase in the prevalence of AAPL discussions on WSB
is associated with a 5% increase in retail trading activity in the market. Interestingly, the
stocks within the top quartile do not include ‘meme’ stocks - indicating that WSB discus-

sions track retail preferences across a broad spectrum of assets. Including ticker fixed effects
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in our model specifications for columns (3), (6) decreases the sz dj indicating that the effect
cannot be explained by stock-level differences.

Our experiments demonstrate that WSB discussions track changes in retail trading be-
haviour at the weekly and monthly timescales. These results further justify our modeling

approach, highlighting how WSB activity is linked to retail trader demand for assets.

6.3 Evidence of granularity

Our modeling exercise in Chapter 5 shows that heterogeneous opinions can impact asset
returns in the presence of heavy-tails in attention. Our empirical exercise in Chapter 4
shows that individual sentiments are not fully explained by information from peers or recent
returns, as demonstrated by the R? in our regressions. There is, therefore, unexplained
heterogeneity in individual investor sentiments. An outstanding question is whether these
heterogeneous sentiments can survive aggregation across peers and impact asset returns.
This section demonstrates that viral content can influence future asset returns; Appendix
6.A offers additional insights into our identification and presents the diversity in influential,

viral content identified through our methodology.

Model framework We remind ourselves of the proposed model framework from the pre-
vious chapter (section 5.1), which captures the impact of individual, idiosyncratic demand

shocks for an asset by investor i, ¢;, on price:

N

p= isiIEi(v) - )/(725 + Zsie,-.

In the absence of ‘granularity’ among investors, the shocks average out to zero. However,
when certain investors are weighted differently to others due to differences in capital or pop-

ularity, the shocks can have an impact on price, as highlighted above. If there is a granular
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shock at time ¢, we would therefore expect a change in the log price, which would manifest

in a correlation between the granular social shock and returns, as well as increased volatility.

Granularity of social attention We leverage the heavy-tailed structure of WSB discussions
for our empirical strategy. The intuition is that certain submissions gather many more fol-
lowers than others, which we measure using the number of comments they receive. An ini-
tial exploration of the data displays the heavy-tail in discussions between assets — a handful
of tickers are mentioned in thousands of posts, while most assets receive just a small num-
ber of mentions. Attention within stocks is also dominated by a few, heavily-commented
submissions. In our modification to our model, the heavy-tail of attention can result in un-
explained variation in sentiments surviving aggregation and impacting returns. We use a
Granular Instrumental Variable (GIV) approach to investigate the impact on returns (Gabaix

& Koijen 2023, 2021, Galaasen et al. 2020).
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Figure 6.1: Attention is heavy-tailed; These graphs show the distribution of comments that submissions
that mention a ticker on WSB receive. The left figure plots the distribution on a log-log scale. The right
plots the tail exponent, estimated using the three different methods outlined in Voitalov et al. (2019). The tail
exponent is estimated to be less than two across all methods — this implies that the tail distribution obeys a
power law, and is heavy-tailed.

We begin by establishing that the distribution of attention that information shared by
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investors online receives is heavy-tailed. We proxy attention by the number of comments
that a particular submission receives. Figure 6.1 shows the extreme tail in the distribution
of attention — some submissions appear to receive a large following, while the majority are
of little interest. We measure the size of the tail in the comment distribution using the
approach in Voitalov et al. (2019), who propose several methods for estimating the power-
exponent of a distribution’s tail — all methods estimate the tail exponent to be less than two,
implying that the tail is power-law and heavy-tailed.

Heavy-tailed attention online implies that idiosyncratic information contained within
the most popular submissions potentially persist after pooling across all investor’s opinions,
and may have a disproportionate effect on returns. For our identification strategy, we ex-
ploit within-ticker-week variation in attention. Therefore, we filter our sample to weeks and
tickers where a sufficient number of submissions are made to distinguish between highly
popular and less popular sentiments — we choose five submissions for our cutoff. We sub-
sequently test for whether the week in question exhibits granular social attention by fitting
a pareto distribution to the popularity of posts within a week and selecting ticker-week
combinations where the exponent is less than two.

The approach has certain shortcomings as there are challenges to finding the exponent
with a small sample of data, however, allows us to estimate whether the activity in a ticker in
a given week is a good candidate for granular social dynamics. We ensure our result is robust
by imposing several different thresholds and varying our approach between applying and
not applying the heavy-tail filter; we observe that all results are consistent with the findings

presented below.

Preliminary analysis As a preliminary test, we measure the link between granular social
activity and volatility. Table 6.3 shows that there is a statistically significant link between the

standard deviation of asset j’s returns in week t,, and the existence of granularity in social
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attention in that week (as defined above). The effect indicates that granularity in social

discussions are linked to a 0.8pp increase in asset volatility in a given week, on average.

Table 6.3: Relationship between social granularity and volatility

Dependent variable:

%ty
Granularity Indicator 0.0076 (0.000) ***
ol 0.126 (0.001) ***
Tity 0.000 (0.000)
Week FE Yes
Number of obs. 2,479,664
Adjusted R? 0.029

2

Notes: the dependent variable is the variance in the log returns of asset j in week t,, CEe Explanatory variables

sty

include: the variance in log returns in the previous week crjzt _1, the average log returns in the present week,
shw

tjt,» as well as an indicator for whether we observe social granularity in the week (the indicator equals one if
the ticker receives five posts in a given week and a pareto-fit indicates that the distribution of popularity is
heavy-tailed). The sample includes all tickers discussed on WSB since 2016; the sample period begins in 2016
and ends at our WSB cutoff time. Accompanying standard errors, displayed in brackets, are clustered at the
stock level.

*** Significant at 1% level ** Significant at 5% level * Significant at 10% level

The analysis is only a preliminary indication and does not imply causality. Furthermore,
we cannot perform the same test for returns, since the direction of idiosyncratic demand
(long or short) is important to quantify. Identifying the link between granular social shocks
and returns is tricky due to confounding variables — returns and popularity of online content
about an asset may both be driven by news or other market factors. The next step of our
empirical approach therefore consists of extracting idiosyncratic social shocks, measured as

unexplained idiosyncratic variation in the sentiments of submissions.

Estimates of idiosyncratic social shocks To extract unexplained variation in sentiments,
we regress the sentiment expressed in a given post on the return on day ¢, r; ;, the cumulative
returns on the week containing day ¢, r; ; , and average sentiments expressed by peers in the
prior week CI_Dj,tw_l. Since our analysis includes weekly and daily variables to better extract

idiosyncratic social shocks, we distinguish between ¢ time in days, and t,, time in weeks. For
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a post about asset j made by author i at time f, we estimate the idiosyncratic information

content of the post as ¢; ; ; in the following regression:

A A A AF
;i =PrritBrri, + B3 Xe, +BrPjr—1+€i )1 (6.3)

where X; are asset fixed effects. These control for the persistence in sentiments for certain
assets — for example, the forum’s enthusiasm about TSLA. We note that the results remain
similar with and without ticker fixed effects.

The strategy follows the reasoning outlined in Section 4.2.1, Figure 4.B.1. We posit that
any news that emerges at time t about a company is assimilated by the market and manifests
in returns. Any variation in sentiment that is unexplained by market performance at time ¢
and by past discussions is submission-specific and is idiosyncratic to news and information
more broadly available about that stock at that time.

The object of interest, residual ¢; ;;, is information shared in the submissions that is
orthogonal to asset j’s returns at time ¢ or within week t,. We, therefore, would expect
¢;j: to have an impact on the market through social forces, rather than through purely
informational content. Figure 6.2 plots the distribution of idiosyncratic social shocks. The
distribution is somewhat asymmetric and the modal, unexplained sentiment is bullish, but

the left tail of discussions demonstrates the presence of intense bearish discourse.

Estimating the effect of granular attention In order to assess the impact on asset returns

of granular social attention, we proceed by analyzing the following relationship:

B B B
Tj’tw+1 = [)’1 e]"tw + [))2 T]',tw + ﬁ3 th + vj:tw’ (6.4)
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Figure 6.2: Idiosyncratic social shocks: this graph plots the distribution of idiosyncratic sentiment hetero-
geneity, ¢; ; ;, from Eq. 6.3.

where X; are week fixed effects, r;; .1 is the cumulative return of stock j in week t,,+1, r;;
w rw rrw

: : : . _ c : .

is the cumulative return in asset j in week t,, €;; = Zisi,j,twei,j,tw the popularity-weighted
- . : - c :

average idiosyncratic sentiment shared about stock j in week t,, (}_;s; ity = 1), and vj; is

a stock-week specific error. s .

i, 18 calculated by summing the total number of comments

received across all posts in stock j in week t,, — the comment count for a specific submission
is then normalized by the total comment count within week t,. Comment count is re-
indexed so that the minimum number of comments a post receives is one. We choose to
model future returns in order to mitigate any confounding variables.

A key identification challenge stems from our goal to identify the impact of social forces
and popularity of some content over other content, versus general idiosyncratic sentiment
on the forum. We rely on a GIV for our identification strategy. The GIV is defined as the dif-
ference between popularity-weighted and equally-weighted social shocks, each aggregated

for the stock j at period ¢,
c 1
GI‘/j,tw = Zsi,j,twei:j’tw — Z—N ei,jytw, (65)
i i
where N;; is the total number of posts about stock j in week t,, and i at the authors who

are active in the discussion about asset j in week t,,. We subsequently replace ¢;; in Eq. 6.4
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with #;; , where 7i;, is the predicted values from the regression of the GIV on the social
shocks ¢;; . The outcome variable i;; is driven by the popularity of certain posts over

others, rather than by general idiosyncratic sentiment.

GIV requirements and threats to identification In addition to capturing the impact of
social forces, our specification allows us to disentangle asset properties which affect both
sentiment and returns simultaneously. The use of the GIV allows us to mitigate the common
shocks problem, where certain stock-specific shocks could affect all idiosyncratic sentiments
and future returns — this is similar to Galaasen et al. (2020) in reasoning. Specifically, stock
j’s returns in week t,, + 1 may be driven in-part by social forces, but also by asset properties
which affect both sentiment and returns, which we are unable to control for while estimating
idiosyncratic sentiments in Eq. 6.3. A correlation of these shocks with ¢;; may result for
a biased estimator for gF. More formally, outcome variable, after imposing controls from
Eq. 6.4, y; - (return variable in week t,,; renamed to demonstrate the incorporation of

controls), may be of the form:

r _ pB;
yj,tw+l - /31 ej:tw + ;/]jftw’

where 7 ; is the ‘common shock’ to asset j in period t,,.
We assume that the idiosyncratic social shock from a post can be expressed as having a
stock level component, common to all posts about the stock within that time period, and a

post-level component:

_ CcS
el',]"tw = ﬁ] 77]"tw + ui’j’t;

where ﬁ;st is the sensitivity of posts within week ¢, to the common shock to stock j.
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The identification strategy rests on the assumption that the popularity of the idiosyn-
cratic content of posts sf, it Cirirt is not correlated with stock-week shocks 7;; . More for-
mally, we require E[u; ; ;1 ; | = 0: the idea is that there are social shocks which make certain
content on WSB popular over other content, but that is orthogonal to shocks affecting asset
j in week t,,. This is not a problem in this setting for several reasons. Firstly, the popularity
of a post could potentially be linked to a stock through it’s informativeness about the asset’s
price. However, in the creation of our social idiosyncratic shocks, we extract shocks while
controlling for returns on the day and the week of the post. Our social shock time series is,
therefore, orthogonal to asset returns at time t and in week t,, and is, therefore, orthogonal
to new information available to investors at the time. Furthermore, we find post popularity
to be uncorrelated with asset returns on day t and week t,, on which the post is made. As a
final precaution, we look at the time period during which a post is active on WSB, where the
final time that a post is active is the final comment activity on the post (if the post receives
no comments, it is simply the time of the post). We remove posts from our sample that re-
ceive commenting activity into the week following the post. On WSB we observe data about
relatively unsophisticated retail investors where the sentiments of posts at time t about an
asset are systematically linked to negative future returns (this holds both when we take a
raw average and popularity-weighted average average sentiment). This is additional proof
that investors we observe do not have access to information on stock-level shocks. Finally,

both our shock and popularity time series are constructed at time t,,, while the dependent

variable is observed at time ¢, + 1, avoiding contemporaneity issues.

Results In order to study the impact of granular social attention, we run the following

regression on weekly returns and posts:

— 3By, B... By .
Titptl =Br U, + Bolje, + B3 Xj+ V)1,
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Table 6.4: Stock returns versus granular social shocks

Dependent variable: 1;; 11

Average  Popularity- | Instrumented by GIV: i;;

€t, weighted ¢; ;

(1) (2) (3) (4) (5)
Granular Social  0.007 0.010* 0.012** 0.013** 0.011*
Shock (0.005) (0.004) (0.005) (0.005) (0.005)
Tity -0.099** -0.100™* -0.059** -0.102™ -0.052*

(0.037) (0.037) (0.012) (0.037) (0.028)

Ticker FE Yes Yes No Yes No
Week FE No No No No Yes
Observations 2,201 2,201 2,201 2,201 2,201
RZ, 0.160 0.164 0.013  0.163  0.124

Notes: this table presents the OLS estimates for the influence of idiosyncratic social shocks on WSB. Columns
(1) and (2) present the effect of average idiosyncratic shocks and popularity-weighted idiosyncratic shocks,
respectively. Columns 3-5 present various specifications of our instrumented idiosyncratic social shocks i ; .
Robust standard errors, clustered at the ticker level, are shown in parentheses. The F-statistic for the first
stage regression is 2,297. Observations with incomplete data are dropped.

*** Significant at 1% level ** Significant at 5% level * Significant at 10% level

where 1;; are the fitted values of idiosyncratic social shocks on our GIV (we rename our
coefficient to ﬁ? to highlight this), r; ; .1 is the cumulative weekly return of stock j in week
ty+1, X; are ticker fixed effects. The formulation closely follows that of our extended model
with granular shocks, from Eq. 5.5.

Several patterns emerge from our empirical exercise, presented in Table 6.4. Firstly, we
observe that the data appears to follow the structure proposed in our model — idiosyncratic
social shocks are positively linked to future returns. In column (4), the estimated effect can
be summarised as follows: an estimate for S at 0.013, means that the idiosyncratic doubling
in the odds of a very popular post expressing bullish over bearish sentiments (while less
popular posts do not express an idiosyncratic sentiment) increases returns in the following
week by one percent, on average. The effect is small, but persists across specifications.
Consistently with our model prediction, the average idiosyncratic noise, in column (1), has

no effect.
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We explore the data in greater detail in Appendix 6.A. We consider instances where we
observe a large (in magnitude) #;, and the types of posts that triggered the viral discus-
sions. We observe that the viral, influential content has very different style. Some posts
present a thorough, substantiated discussion backing the author’s claim. Others attract at-
tention through the large risk the author has taken, potentially inspiring others to follow in

their footsteps.

6.4 Evidence of bubbles

Our modeling (section 5.2) exercise demonstrates that, in the presence of peer effects, bub-
bles can arise due to purely social forces. In this section, we ask whether we can identify
Reddit’s bull runs. Greenwood et al. (2019) propose a transparent classification scheme to
identify potential bubbles. They determine time windows in which the price indices for
various industry market capitalisations grew at a ‘rapid’ rate, constituting a sample of ‘run-
ups’. These run-ups are then separated into those whose price levels remained constant,
versus those whose price levels crashed (where the rate of increase and price level of the
crash are pre-selected). A run-up followed by a crash constitutes an instance in which the
index experienced a ‘bubble’.

We adapt the method of Greenwood et al. (2019) to identify large run-ups in stock prices,
and test whether activity on Reddit during the price run-up is related to an eventual down-
turn. The two main variables we use to measure social activity are the number of sub-
missions that mention a given stock in the month preceding a price run-up, as well as the
average sentiment expressed in that time window.

The challenge to finding price run-ups for individual stocks is that large price swings
are more erratic compared to the returns on broad industries considered by Greenwood

et al. (2019). Importantly, run-ups in stock prices can be immediate under small market
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capitalisation, but slower with large market capitalisation. An arbitrary condition on time
and return magnitude thus introduces considerable selection concerns into a sample of run-
ups in stock prices. This calls for a more flexible method.

We tweak the methodology from Greenwood et al. (2019), but still rely on their theo-
retical framework: the identification of price run-ups, in relation to corresponding price
crashes. The goal of our method is specifically to find instances when a price run-up either

precedes or follows a subsequent price decline.
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Figure 6.3: Price run-ups identification; Figures 6.3a, 6.3b display identified peaks and run-ups in AMD.
Figure 6.3c displays run-up dynamics averaged across our sample: returns following a ‘recovery’ run-up, in
solid green, remain stable, while they substantially decline after a run-up followed by a crash.

Identifying price run-ups In order to remain as systematic as possible, we identify ‘ex-
cursions’ from local minima in the time series of each stock’s log cumulative return index.
We define excursions as observations that precede a future minimum, starting from a pre-

vious point that matches the cumulative return at that minimum. Specifically, this future
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minimum is a price level to which the stock does not return at any point following that date.
Intuitively, the price of those stocks reverts to a future minimum at the start of the excur-
sion, and thus constitutes a ‘peak’. Here, we filter excursions with a maximum return from
the minimum of over 50% as peaks. Figure 6.3a includes two examples of peaks for AMD,
one slow run-up starting in late 2016, and an abrupt one in mid 2018.

In addition to peaks, we can also define troughs as excursions from local maxima. An
excursion from a local maximum, as opposed to a minimum, is an observation with a cu-
mulative return lower than the highest value in the stock’s history. As such, these function
as ‘inverted’ peaks: a series of negative returns following a high price, which ends when the
local maximum is recovered. As with peaks, we isolate troughs with a maximum cumulative
return over 50% from the lowest return to the following local maximum.

In summary, both peaks and troughs constitute price swings of over 50% in either di-
rection, one with a period of negative returns (troughs) and one of positive returns (peaks).
Peaks and troughs differ in the ordering of price run-ups versus crashes: for peaks, the run-
up is followed by a crash, whereas the crash is followed by a run-up recovery period for
troughs. In this fashion, we can leverage Greenwood et al.’s (2019) classification of bubbles
by studying run-ups that precede crashes (during a peak) and run-ups that follow a crash
(during a trough). We illustrate this distinction for the AMD price series in Figure 6.3b,
where segments in purple correspond to the run-up periods during bubbles (where peaks
are highlighted in orange Figure 6.3a), whereas segments in orange in Figure 6.3b represent
run-ups that follow crashes.

We implement this procedure for all stocks traded on the NYSE, NYSE Mkt and NAS-
DAQ, with share codes 10 and 11. In what follows, we restrict the sample of peaks to those
after January 1, 2016, and for stocks with an average market capitalisation over one billion

USD during the peak. Finally, to harmonise all instances of run-ups with varying lengths
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of time, we filter out run-ups with an average daily annualised return less than 200% (cor-
responding to 0.29% daily) to match the criterion used by Greenwood et al. (2019). This
leaves us with a sample of 329 run-ups, of which 31 occur during a ‘peak’ period and pre-
cede a crash. We visualise the average cumulative return index by type of run-up in Figure
6.3c. Importantly, the trends prior to the turning point are similar for run-ups followed by
downturns, and run-ups following downturns.

Table 6.5: WSB features for price runups and crashes

Run-up after downturn Run-up before crash | Difference T test

(1) (2) (3) (4)

Log Mentions 0.02 (0.19) 0.19(0.63) 0.17 15.27
Sentiment 0.02 (0.31) 0.13(0.52) 0.10 11.41
No. Observations 39,392 3,410

Notes: this table presents the prevalence of WSB discussions in assets that experience bubble-like dynamics -
the mean for each stock sample is shown, with its standard deviation in parentheses. The first column displays
that discussions are limited in stocks that are in recovery and do not experience a downturn; however, both
mentions and sentiment are higher for stocks that experience a run-up and a subsequent crash, as shown in
column (2). A single observation is a day during a run-up period.

Results For each type of run-up — before or after a crash — we count the number of times
a submission is made on WSB in the corresponding time window, mentioning the stock
experiencing the run-up. Similarly, we compute the average sentiment expressed in these
submissions. Table 6.5 summarises our findings, along with the corresponding standard
deviation. The striking result is that WSB activity, in both the log of mentions as well as
the average sentiment, features significantly more prominently in run-ups before crashes,
rather than after crashes — the difference in means is highly significant.

Are users similarly aware of both types of stocks? One might argue that stocks that
experience a crash may have some underlying characteristics which make them of greater
interest to the WSB crowd. The share of run-ups preceding crashes during which the corre-

sponding stock is mentioned on WSB, 64.52%, is close to the same share for run-ups follow-

125



ing crashes, at 54.36%. The samples are thus similarly represented in terms of discussions
in WSB. Figure 6.3c demonstrates that the average price trends for both types of run-ups

are nearly identical before the cutoff date, then subsequently diverge.

Summary Our findings demonstrate a link between bubble-like dynamics in the markets
and discussions among investors, and prompt additional important questions for research.
Recently, rich datasets have become available detailing individual investor portfolios, allow-
ing the study of investor attributes and portfolio choices (Balasubramaniam et al. 2023), in-
dividual extrapolation during asset price bubbles (Pearson et al. 2021), and other important
characteristics. Combining discussion data and portfolio data offers a promising venue for
further research into the profit and loss profiles of hype investors, as well as the behaviour

of other market participants faced with hype investor demand.
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Appendix

6.A GIV

Extracting idiosyncratic social shocks In Table 6.A.1, we present the coefficients from Eq.
6.5. We observe that, consistently with our previous findings and the proposed structure in
Figure 4.B.1, returns and past user sentiments all impact the expressed sentiment of user i

about asset j at time ¢.

Table 6.A.1: Idiosyncratic social shocks estimation

Dependent variable: ®; ; ;

Tit 0.324 (0.086) ***
Tt 0.370 (0.090) ***
CD]-,tw 0.212 (0.043) ***
Ticker FE Yes
Number of obs. 46,694

R? 0.077
F-statistic 41.67

Notes: The dependent variable is the log-odds of a given submission by author i at time ¢ on stock j to express
bullish over bearish sentiment. Explanatory variables include: the log return on day t, r;;, the log-return in

week including day t denoted as t,, rj; , and the average past sentiment of peers, ®; ;; ;. Accompanying
standard errors, displayed in brackets, are clustered at the stock level.
*** Significant at 1% level ** Significant at 5% level * Significant at 10% level

Table 6.A.2: GIV - First Stage

Dependent variable: é

Irtw
GIV 0.932 (0.019) ***
Number of obs. 2,441
R? 0.510
F-statistic 2,292

Notes: The dependent variable is the popularity-weighted average idiosyncratic sentiment expressed about
asset j in week t,, ¢;; . The explanatory variable is the difference between the popularity-weighted and raw
average of idiosyncratic sentiments expressed about asset j in week f,,.

*** Significant at 1% level ** Significant at 5% level * Significant at 10% level

GIV - First Stage In Table 6.A.2, we present our First Stage regression, where we regress
the popularity-weighted idiosyncratic sentiment, as our dependent variable, on the differ-
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ence between the popularity-weighted and regular average idiosyncratic sentiment. We ob-
serve that our GIV is highly predictive of the popularity-weighted sentiment, ¢; ; , however,
explains only part of the variation. In this way, we are able to extract the element of the
popularity-weighted sentiment measure driven by social preferences, versus those driven
by other factors.

We illustrate the effect of the GIV through the following two scenarios. In Scenario One,
a very popular and an unpopular post both express a positive, idiosyncratic sentiment. In
Scenario Two, a very popular expresses the positive sentiment, while the unpopular posts
expresses no idiosyncratic sentiment. Without employing the GIV, our original popularity-
weighted average idiosyncratic sentiment measure ¢;; would be very similar in both sce-
narios. However, by using the GIV, we would predict zero idiosyncratic sentiment in Scenario

One, but a large positive idiosyncratic sentiment in Scenario Two. In this way, our GIV allows

us to distinguish the signal coming from popularity.

Influential posts — examples We present some examples of popular content during weeks
with a with a large #;; . Figure 6.A.1 presents the most popular posts about AMZN in the
week of June 24-26, 2020 — the posts were identified as having large, positive, idiosyncratic
sentiment within the week. AMZN exhibited a return of 7.8% the following week. Figure
6.A.3 presents the most popular posts about WYNN in the week of March 16-20, 2020 — the
post had a positive, idiosyncratic sentiment within the week. WYNN exhibited a return of
21.8% the following week. Figure 6.A.2 presents the most popular post about GM in the
week of March 9-13, 2020 — the post was identified as having large, negative, idiosyncratic
sentiment within the week. The following week, GM exhibited a 27% decline.

We observe that the content has very different style. Some discussions, such as the GM
post in Figure 6.A.2, present a thorough, substantiated discussion backing the author’s

claim. Other popular content, such as the WYNN post in Figure 6.A.3, attracts attention
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through the large risk that the author has taken, potentially inspiring others to follow in

their footsteps.

é @ Eév:IaeI::;r]eetbets - 4yr. ago
If you are shorting AMZN...why?

| know we are in this supposed bubble. However, there isn't a reason in the world |
can find to think that AMZN is ultimately one of the stocks that will crash when the
bubble bursts.

Who gives a shit if the fed is inflating the market with liquidity when their sales have
gone up? Who gives a s tif commercial real estate is delinquent when they are the
ones buying it up? Bezos is going to do what Bezos has always done which is use
this incredible opportunity the world has given him to consume new enormous
markets.

AWS makes up like 40% of AMZN's overall value and it has a 19% operating margin.
Everyone looking to take advantage of this way of life change to expand into the
digital marketplace and provide remote working options will be hosting the tech on
their cloud computing platform. They have had a monopoly on this for years,
because of how superior their platform is.

Will there be some dips as people sell off? Yeah, but they won't make a dent in it's
big picture trajectory and you can't predict them with a Yahoo Finance account. I'll
be able to sell my shares at $5000 eventually and make back my losses from my
stupid speculative ¢ t. Everyone else is just operating off some speculative
possibility that it's not be valued correctly.

e [Ja

llJ Share

(a) Popular post about AMZN: June 20, 2020
(redacted to remove inappropriate content)

@) r/wallstreetbets - 4 yr. ago e
é Q soonbesleeping
AMZN should buy M

link

Get in on this now, just in case. M is super cheap for options, stock is only
at about 7. Just the chance of Amazon buying them could moon them.

Hod CJ3e

i, Share

(b) Popular post about AMZN: June 24, 2020

Figure 6.A.1: Popular post about AMZN: June, 2020
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a r/wallstreetbets - 4 yr. ago
é @ jlusales e .en
WhyGMisF =~ d
(DD

GM is absolutely F! ‘D, here's why:

Reason #1: Loss of market share to foreign competition

China is the world's largest auto market, and GM is one of it's larger auto producers. Sales in China for Ford and GM
are already being lost to domestic Chinese companies. Check this article from Jan:
https://www.cnbc.com/2020/01/07/gm-warns-of-ongoing-challenges-in-china-as-sales-fall-15percent-in-2019.html

Reason #2: Coronavirus in China and the US

Coronavirus has TANKED auto sales in China (over 80%). People aren't going out, people aren't buying cars. Unless
you're getting a car from a Carvana machine, you're probably at a dealership shaking hands, which no one wants to
do right now. China sales drop, which we can expect to see mirrored in the US as the virus spreads.
https://www.pymnts.com/news/international/2020/vehicle-sales-down-80-pct-in-china-due-to-coronavirus/

Manufacturing facilities are also slowed in China, and likely to be slowed in the US. This is not a job that can be done
working from home, and the manufacturing process will suffer if people cannot go out to work in factories.

Reason #3: Looming Recession

With the possibility off a recession on the horizon, this is especially important to consider. Auto Manufacturing gets
absolutely pummeled in recessions. Cars are simply not a luxury people can afford in troubling financial times. Also,
GM has recently invested a TON of money trying to prove that it can compete in the EV market. If a downturn
happens now, this could obliterate its chances of competing anytime in the near future.

Take a look at the charts here from McKinsey on how auto manufacturing is susceptible and was hit in 2008:
https://www.mckinsey.com/business-functions/operations/our-insights/resilience-in-transport-and-logistics

Positions: https://imgur.com/a/VRGj38e but I'm definitely buying more puts

TL:DR - Puts on GM and probably Ford too
feod  [Jmns ) share
Figure 6.A.2: Popular post GM: March 10, 2020 (redacted to remove inappropriate content)

é we r/wallstreetbets - 4 yr. ago -
£ WsBgod

Thanks to my homie u/crackercider for recommending WYNN the
other day, | threw in 100k just for him and turned it into a half mil!
Gotta love when WSB works together!

YOLO
PUT WYNN RESORTS LTD $95 EXP 04/17/20 i ==
WYNN | View another hoiding -
200417
P
95.00
Your holding Option snapshot At | Watch ist
Balance )
Current balance $531,540.00 $2063  $10234  5301%+ Refresh ©
Contracts 180 =
Bid $29.25 Size 30x30
Price $29.530
Ask $31.70 Volume 174
Previous-day value $347,400.00
son Reuters, delayed at least 2 Buy | Sell
Unrealized gainfloss $435,960.00 4
Position type Long
Account type CASH About this investment
Status Nonnegotiable Contract type Put
Cost basie strumery Contract expiration date 04/17/2020
Strike price $95.00

Recent transaction history

Date Transaction Amount

020 Buy to open 180.0000 at $5.30 $95,580.00 @ WS B g O d

See transaction history for this holding #

View all order status #

{34k & (] 36 T share

Figure 6.A.3: Popular post WYNN: March 13, 2020
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Chapter 7: Social Interactions and Temporal Network Dynamics

The previous chapters establish the importance of the dynamics on social media within
the financial context. In this chapter, we expand our analysis by looking at how several
political and social movements have evolved over time. Due to the lack of high-quality,
annotated data tracking online conversations (and the challenge posed to LLMs in this task),
the first part of the chapter presents a new dataset tracking agreements and disagreements
between authors across several Reddit forums. The second part presents a novel, signed
temporal clustering algorithm and applies it to social media data and international news
data, with the goal of understanding how online discussions and international communities

have evolved over time.

7.1 DEBAGREEMENT: a dataset of agreements and disagreements in on-

line political discussions

Online debates have a considerable impact on society. With over 4.2 billion people actively
using social media, gaining insights into the evolution of online discussions and movements
is important for explaining social change.! Fortunately, the field of NLP offers techniques to
understand textual interactions. Specifically, one important research area is (dis)agreement
detection, as it is fundamental for understanding societal polarisation and the spread of ideas
online (Ribeiro et al. 2017, Wojcieszak 2011, Tan et al. 2016, Rosenthal & McKeown 2015).
(Dis)agreement detection falls under the field of stance detection (Walker et al. 2012) —
the automatic classification of the position (or stance) of the producer of a piece of text,
towards a target, into one of three classes: in favor, against, or neutral. Due to the explosion

of available online data sources, there has been a plethora of automatic natural language

https://datareportal.com/reports/digital-2021-global-overview-report
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systems aimed at detecting stances. They have used either feature-based machine learning,
deep learning, or ensemble learning approaches. A comprehensive review of these systems
is presented in (Kii¢iik & Can 2020), section 5. One noticeable trend is the adaptation of
pre-trained language representation models for stance detection, such as BERT (Devlin et al.
2018), RoBERTa (Liu et al. 2019), DeBERTa (He et al. 2020) and XLNet (Yang et al. 2019),
since they have led to considerable performance improvements for NLP tasks.

Although researchers have initially modelled stances using only text, recent work has
shown that stance detection would benefit from context-sensitive approaches. In particu-
lar, several methods have leveraged graph (or network) features, such as interaction net-
works, preference networks, and connection networks. Darwish et al. (2018, 2020), Borge-
Holthoefer et al. (2015) use retweet data, while Samih & Darwish (2021), Dey et al. (2017)
leverage hashtags to infer Twitter users’ stances. Researchers have also explored how to
incorporate social context (Keskar et al. 2019, Kulkarni et al. 2021) and structured knowl-
edge (Colon-Hernandez et al. 2021) into language models to improve inference on NLP
tasks.

Despite the growing literature leveraging contextual features for stance detection, most
existing datasets provide only textual information. The few datasets which provide contex-
tual information are tweet datasets. These suffer from several drawbacks: i) they are shared
via tweet identifiers, making it impossible to retrieve deleted tweet content and network in-
formation of deleted users for future research, and ii) retweets and hashtags may ease stance

detection, but are features specific to Twitter discussions.

Contributions We introduce DEBAGREEMENT, a dataset for detecting (dis)agreements
in real-world online discussions. The dataset contains 42,894 comment-reply pairs, as well
as contextual information (authorship, post, timestamp, etc), extracted from reddit. This

dataset presents opportunities to detect (dis)agreements by leveraging context beyond text
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reddit

and does not rely on platform-specific features, such as retweets or hashtags. Unlike existing
datasets for stance detection, DEBAGREEMENT provides realistic online discussions, with
diverse writing styles, genres and topics of discussion. We evaluate state-of-the-art (SOTA)
pre-trained Language Models (LMs) on DEBAGREEMENT: our findings highlight ways to
improve LMs with contextual information, and emphasize the substantial difference be-
tween DEBAGREEMENT and existing datasets. DEBAGREEMENT is available to download
at: https://scale.com/open-datasets/oxford. Details of what data is contained within

the dataset are available in the supplementary material.

Impact DEBAGREEMENT presents new opportunities for modeling diverse online inter-
actions with text and context (authorship, graph, temporal information). Reddit’s popular-
ity, and the fact that all reddit discussions are downloadable for research purposes, make
this a valuable data source to invest resources into understanding. Furthermore, the graph
structure provided by DEBAGREEMENT offers opportunities for combining text-based ma-
chine learning (ML) and graph representation learning (GRL) methods. Modeling online
discussion forums as graphs of interactions between users enables researchers to: i) trans-
late the (dis)agreement detection task into a sign link prediction one (Zhang et al. 2019),
ii) use recent advances in GRL methods (Hamilton 2017), and iii) leverage existing signed
graph embedding methods (Wang, Tang, Aggarwal, Chang & Liu 2017, Derr et al. 2018,
Rahaman & Hosein 2018) tested on publicly available signed graphs, such as Epinions and
Slashdot (Leskovec et al. 2010b,a, Tang et al. 2016).

DEBAGREEMENT follows active reddit users over time across five forums: r/BlackLiv
esMatter, r/Brexit, r/climate, r/democrats, r/Republican. It provides the possibility
to investigate social theories, understand polarisation, and study how people express their

opinions and change their views on social media.
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7.1.1 Related datasets

K¢tk & Can (2020) present a survey of recent advancements in stance detection and dis-
cuss 24 publicly available text datasets for stance detection (summarized in Table 6 of the
survey). Among them, only two have more than 7,000 annotations (Darwish et al. 2017,
Dean Pomerleau 2017) and two are annotated for (dis)agreement detection specifically (Baly
et al. 2018, Dean Pomerleau 2017). The currently available datasets, summarised in Kiigtik
& Can (2020), have several drawbacks: i) they only provide textual data, ii) all but two have
fewer than 7,000 annotations, iii) they span a small range of topics and text genres, and iv)
their genre and writing style of the text is often formal and structured. The latter point of-
ten simplifies the task of stance detection, however, is not representative of online debates
on popular platforms. For instance, in the popular Perspectrum dataset (Chen et al. 2019),
claims (e.g. Animals should not be used for scientific or commercial testing) and perspectives
(e.g. Any living entity should not be treated as objects or property as doing so allows them to be
treated amorally) are presented in a formal writing style.

In the literature, only two publicly available datasets contain contextual data along with
the text and are annotated for stance detection in social media . Taulé et al. (2018) provide
11,398 annotated Spanish tweets related to the 2017 Catalan Referendum (in favor of the in-
dependence, against, or neither), as well the images and tweets before and after these tweets
on users’ timelines. Cignarella et al. (2020) present 3,282 annotated Italian tweets related
to the 2019 sardines movement. The authors provide contextual information based on the
tweet (number of retweets, likes, replies and quotes received to the tweet, type of posting
device, date), the tweet’s author (number of followers, of tweets ever posted, user’s bio) and
their social network (friends, replies, retweets, quotes’ relations). However, as pointed out
by Kiigtik & Can (2020), AlDayel & Magdy (2021), these datasets suffer from the following

drawbacks: i) tweet datasets are shared via tweet identifiers, making it impossible to re-
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trieve deleted tweet content and network information of deleted users for future research,
and ii) retweets and hashtags may ease stance detection, but are features specific to Twitter
discussions. Furthermore, Twitter does not provide complete, open-source data access for

research purposes.

7.1.2 Debagreement

Collection

- it - Posted by u/bri 32 OUrS =
G * o el il @ —
<
~

3%  1f we'd said Brexit would lead to Nandos closures, KFC running out of

chicken and McDonalds running out of thickshakes, the screams of 'Project - r/brexit

Fear' would have registered on the Richter scale. Yet here we are... <
A place to debate and discuss the UK's exit

Brexiters .. do you think things are going well? from the European Union. Please debate
general UK topics (non-brexit related)

D 95 Comments /> Share D Save @ Hide L:] Report 98% Upvoted elsewhere, such as r/ukpolitics

f Big-Mozz - 6h (3 53.0k 222

Members Online

If they'd have stuck "Nandos, KFC and McDonalds will close" on the side of that bus I'd have voted
for Brexit.

QVote@ D Reply Share Report Save

& Created Sep 19,2014

‘ IDontLikeBeingRight - 6h

It's also wild that thickshake shortages are more of a shock to clarity than the impending collapse
of the GFA and NI peace process

Figure 7.1: r/Brexit

DEBAGREEMENT was created by retrieving data from a popular discussion forum web-
site, reddit. Reddit is broken down into discussion sub-forums, called subreddits, and
denoted r/x (e.g. r/Brexit). Within each subreddit, users write titled posts, typically accom-
panied with a body of text and/or a link to an external website. These posts (or submissions)
can be commented, upvoted or downvoted by other users (Figure 7.1). A ranking algorithm
raises the visibility of a submission based on the number of upvotes it receives, but lowers
it with time, so that the first posts visitors see are highly upvoted and/or recent. Comments
related to a post are also visible, and are subject to a similar scoring and commenting system.

We collected reddit data from the PushShift API.> The API provides historical reddit

data, which is open-source for researchers (Baumgartner et al. 2020). We pull data from

2https://pushshift.io/
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three subreddits of social movements r/Brexit, r/BlackLivesMatter, r/climate, and
two subreddits of political affiliations r/Republican, r/democrats. A description of each
subreddit, summarised from the subreddit websites, along with usage counts (as of August

2021), are presented below:

r/BlackLivesMatter discusses news related to the Black Lives Matter movement. It

was created in 2014 and has 109K members,

* r/Brexit aims to foster debate about the United Kingdom’s (UK) exit from the Euro-

pean Union (EU). It was created in 2014 and has 53K members,

* r/climate is a community for truthful science-based news about climate and related

politics and activism. It was created in 2008 and has 99K members,

* r/democrats is a partisan subreddit. It aims to discuss political news, policies and
how to ensure the election of Democratic party candidates. It was created in 2014 and

has 292K members,

* r/Republican is a partisan subreddit for Republicans to discuss issues with each

other. It was created in 2008 and has 172K members.

For r/climate and r/Brexit, we collect all the submissions and posts since the sub-
reddits’ creation dates until May 2021, in order to track these social movements from their
inception. For r/BlackLivesMatter, r/democrats and r/Republican, we collect data
from January 2020 in order to focus on recent, critical events: the protests following George

Floyd’s murder and the 2020 United States presidential election.

Data cleaning We first excluded empty comments, comments from deleted authors, com-
ments that were hidden for user privacy reasons, and comments containing hyperlinks. In-

side the text body of both the submissions and the comments, we removed paragraph breaks
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and replace a small set of special characters (for example, &amp is replaced with and). De-
spite potentially offensive content being present in the discussion forums, we purposefully

do not filter out this content in order to realistically capture the nature of online discussions.

High-quality interactions A large amount of submissions receive no or few comments on
reddit. Respectively 92%, 45%, 83%, 75%, and 59% of posts received less than 5 comments
in r/BlackLivesMatter, r/Brexit, r/climate, r/democrats, and r/Republican. In order
to annotate impactful discussions in a given subreddit, we remove posts with fewer than 10
words and with fewer than k comments, where k is the rounded average number of com-
ments per submission on each forum (k = 2,5,5,5,10 for r/BlackLivesMatter, r/climate,
r/Republican, r/democrats, and r/Brexit, respectively). We also filtered out comments
with fewer than 10 or more than 100 words, and comments that contain hyperlinks. We
truncate submissions to 100 words in length, as this is sufficient to contextualize the inter-
action for annotators. After further inspecting the nested discussion structure on reddit,
it became apparent that discussion threads between users with different opinions often de-
volve into an onslaught of negative affronts with little substance. Conversely, conversations
between people with similar opinions tend to contain only a few nested comments. These
observations motivated our decision to retain only comment-reply pairs whose parent com-
ment replied directly to the initial submission (nest level 1), as proxies of lengthier dis-
cussion threads between two given users. We also remove comments whose authors have
been deleted or whose contents have been removed. The percentage of data affected by each

filtering step is provided in the supplementary material.

Graph creation For each subreddit r/*, the resulting set of interactions forms a multi-
edge, temporal graph G,,,, where nodes are users, and edges represent a comment-reply in-

teraction between two users. One of the unique advantages of DEBAGREEMENT over other

137


reddit
r/BlackLivesMatter
r/Brexit
r/climate
r/democrats
r/Republican
r/BlackLivesMatter
r/climate
r/Republican
r/democrats
r/Brexit
reddit
r/*

datasets is the additional graph interaction information provided about every subreddit.
For all of the forums except r/Brexit, we keep all comment-reply pairs as the final
dataset. However, because G, p,.ri; had significantly more comment-reply pairs than the
other forums, we retained only the users (nodes) who commented on at least ten posts over
the course of a given month. The number of nodes and edges in each graph is provided in
Table 7.7. The final dataset is comprised of a total of 49,140 comment-reply pairs, forming

a temporal user interaction graph for each subreddit.

Annotation

PLEASE LABEL THE FOLLOWING COMMENT-TO-COMMENT EXCHANGE
BETWEEN TWO MEMBERS OF AN ONLINE POLITICAL FORUM AS
BEING ONE OF THE FOLLOWING
Subreddit: Brexit
(]

Topic

[}
Nigel Farage Insists He Will Not Stop Until Brexit Is Delivered | Good Morning Britain e
Initial Comment (User 1)
This is actually quite smart. As Brexit will never be delivered, he will have a job forever.

Response (User 2)

Never is kinda stong. The EU is unlikely to grant an extension, and at this point neither a recall or

Act of Parliament is possible. For better or worse, November 1st should see Brexit happen.

Figure 7.2: User interface for annotators

Crowdsourcing annotation setup Comment-reply pairs were annotated with agree, neu-
tral, disagree, or unsure labels by a team of 529 English-proficient annotators from Scale Al
The annotators were provided with introductory courses on the BLM and climate change
movements, as well as UK and US politics. They were also provided with examples for each
of the four labels, with the reasoning behind the labels attributed.

Annotators were trained using a combination of i) an instruction document, ii) training
webinars taught by Scale AI’s internal subjective matter expert, and iii) training courses and
quizzes based on the instructions and a sample golden dataset. The final set of annotators

was selected based on their performance on a gold standard dataset of 74 comment-reply
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pairs.

Each annotator was given a confidence score based on their accuracy on the gold stan-
dard dataset. Annotators were presented with a ten page ‘Instructions’ document, accompa-
nying each task, as a reminder of annotation best-practices and with ten examples. Details
from the instructions document are presented in the supplementary material. The anno-
tator user interface is depicted in Figure 7.2: each task includes the subreddit name, the
initial post (topic), the comment-reply pair, and a list of subreddit-specific abbreviations.
Annotators are being compensated above minimum wage in their respective labor markets

in order to ensure ethical and fair compensation.

Labelling and inter-annotator agreement Each task is annotated by three to five annota-
tors based on Scale Al's dynamic consensus process. Specifically, the number of annotators
per task is determined by averaging the confidence score of the annotators and compar-
ing it against a minimal desired confidence threshold score. For each task, the majority
class was decided as the final label. Tasks where the annotators equally chose agree, neu-
tral and disagree were reviewed by Scale Al’s internal subject experts before finalizing the
response. Overall, 33% of the annotations have full inter-annotator agreement. We drop the
6,246 comment-reply pairs whose final label is unsure, and the pairs with lower than 2/3
inter-annotator agreement score, leaving a final dataset of 42,894 labeled interactions. The

statistics of DEBAGREEMENT are detailed in Table 7.7.

Table 7.1: Dataset statistics

r/Brexit r/climate r/BLM  r/Republican r/democrats
Start date | Jun 2016 Jan 2015 Jan 2020 Jan 2020 Jan 2020
#nodes 722 4,580 2,516 8,832 6,925
#edges 15,745 5,773 1,929 9,823 9,624
positive 29% 32% 45% 34% 42%
neutral 29% 28% 22% 25% 22%
negative 42% 40% 33% 41% 36%
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Figure 7.3: Number of interactions per subreddit (3-month rolling averages)

Activity Figure 7.3 displays how the number of interactions in DEBAGREEMENT varies
over time. The activity matches key historical events in several subreddits. For example,
the activity in r/Brexit grew dramatically as the original date of the UK’s exit from the EU
approached. On the other hand, r/BlackLivesMatter rose to prominence following the
death of George Floyd. We also observe activity spikes in r/democrats and r/Republican

following the 2020 United States presidential election.

Disagreements and polarisation Increased research efforts have been made to understand
polarisation in social media (Tucker et al. 2018, Bail et al. 2018). In addition to offering a
valuable dataset for the NLP community, DEBAGREEMENT also presents opportunities to
study online social movements. This paragraph gives an overview of the insights that can
be gained by using the DEBAGREEMENT dataset by taking a closer look at the annotated
(dis)agreement data from r/Brexit.

Figure 7.4a displays how positive, negative and neutral interactions have evolved in r/

Brexit over time. We observe that the publication of the initial draft withdrawal agreement
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Figure 7.4: Polarisation in r/Brexit over time

brought division within the forum, with a drastic drop in the fraction of agreements and
a rise in disagreements. Similarly, the election of Boris Johnson as Prime Minister and the
subsequent negotiations were both correlated with a gradual rise in disagreements.

When aggregating the data over the whole time period in r/Brexit, the resulting (static)
graph of discussions offers additional insight into polarisation. We mine communities of in-
dividuals with similar opinions by applying a conventional community detection algorithm
for signed graphs (Traag & Bruggeman 2009) to the annotated r/Brexit data. Such algo-
rithms aim to find graph communities by maximising the number of positive edges within
communities and the number of negative edges between communities. As depicted in Fig-
ure 7.4b, we obtain four communities. By reading the comments posted by the most active
users of each community, we conclude that community A (in brown) is pro-Brexit and com-
munities B, C and D (in black) express sentiments in favor of the UK remaining in the EU.
We look further at the main topics of discussion in each community and conclude that: users
in community B are interested in the consequences of Brexit on international trade, users
in community C discuss the accountability of UK political figures in what they consider ‘a

disaster’ for the UK, and users in community D are mostly interested in UK-EU negotiations
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and the votes in UK parliament.
DEBAGREEMENT is available to download at: https://scale.com/open-datasets/ox
ford.
7.1.3 Benchmark evaluations
Experimental Setup
All experiments were performed on two NVIDIA TITAN RTX 24Gb GPUs. We use the

HuggingFace implementation of the language models we evaluate.

Evaluating SOTA pre-trained LMs

Table 7.2: LMs accuracy for (dis)agreement detection: standard deviation in parentheses

BERT XLNet RoBERTa DeBERTa

base/uncased| base/cased large/uncased base large base large base large

62.4 | 61.8% | 63.7% | 63.6% | 63.3%| 63.2% | 64.1% | 63.0% | 64.1%
% (0.1%)]| (1.2%)| (0.8%) | (0.6%)| (1.4%)| (1.3%)| (0.6%)| (0.8%)
(0.6%)

We evaluate the performance of four state-of-the-art pretrained language models on
(dis)agreement detection: BERT (Devlin et al. 2018), RoBERTa (Liu et al. 2019), DeBERTa (He
et al. 2020) and XLNet (Yang et al. 2019). We build training samples by concatenating the
parent sequence, the [SEP] token, and the child sequence. We split the data into 80%/10%/10%
train/val/test sets while maintaining the temporal order, where testing is done on the latest
data. This follows a realistic setting in which one uses a trained model to perform predic-
tion on new, incoming data (Lazaridou et al. 2021). The chosen train/val/test split prevents
data leakage of terminology only used in future periods into training data. We train each
model four times with different seeds. All models perform with average accuracy ranging

from 62% to 64% (+22/24% above the majority class).
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Failure modes

Due to relatively similar model performances, we choose to focus on BERT

base/uncased (b/u) to gain further insight into LM failure modes.

Table 7.3: BERT(b/u) performance statistics

Table 7.4: BERT(b/u) confusion ma-

trix
precision recall fl-score support
disagree 64.3% 73.8%  68.7% 557 Predicted Label
neutral 63.7% 44.1%  52.1% 517 - ) 0 N
agree 60.1% 69.4%  64.4% 500 E T74% 11% 15%
5 0|28% 44% 28%
= + | 17% 14% 69%

The model performs worst at identifying neutral interactions. Qualitatively, examples
of agree and disagree classes show clear support or animosity between two users. On the
other hand, neutral examples, which lack engagement and/or express partial agreement
and disagreement, have the potential to confuse the model.

We present a comment-reply pair which BERT(b/u) labeled as agreement with high con-

fidence, however, annotators correctly identified as a neutral interaction:

Subreddit: Brexit

Parent: The government don’t have anything against immigrants personally. In fact they
know that the economy thrives on healthy immigration. But they capitalized on a xenopho-
bic voter base, so they have to sneak stuff like this in under the radar.

Child: Although I think you’re right the government knows the UK needs immigrants
I'm not so sure about their personal opinions. Mrs. May did a lot to make life harder
for immigrants with her hostile environment policies. Much more than was necessary to

appease the xenophobic voter base.

We observed that interactions with the largest loss values are often labeled agree or dis-

agree by BERT(b/u), even though they are considered neutral by annotators. This points to
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the fact that current SOTA LMs still fail to capture the subtleties of human dialogue when

complex or nuanced interactions occur (Ettinger 2020, Qiu et al. 2020).

Formal vs. informal online interactions We argue that: i) current LMs struggle with
messy data when it is either scraped directly from social media or pulled from human
dialogue, and ii) clean and formal datasets may not have transferable insights for online
(dis)agreement detection.

As outlined in section 7.1.1, most existing stance detection datasets are either small, fo-
cused on one particular topic, and/or contain formal, structured discussions. We consider
the Perspectrum dataset (Chen et al. 2019), a formal text dataset for (dis)agreement de-
tection, and compare BERT(b/u) performance on DEBAGREEMENT and Perspectrum. For
consistency, we retain only support/oppose annotations in Perspectrum, and agree/disagree

interactions in DEBAGREEMENT.
Table 7.5: Accuracy of BERT(b/u) - DEBAGREEMENT vs Perspectrum

Brexit Republicans Democrats Climate BLM Perspectrum
All subreddits | 82.1% 78.4% 81.0% 83.9% 79.2% 57.7%
Perspectrum | 56.4% 54.1% 57.1% 55.2% 58.4% 90.5%
Most frequent class | 52.5% 52.7% 51.0% 58.3% 69.8% 52.9%

In Table 7.5, we compare the accuracy of BERT(b/u) when trained on all subreddits
(first row) or Perspectrum (second row), and tested on each subreddit and Perspectrum
(columns). We observe an accuracy of 90.5% when training on Perspectrum and evaluating
performance on the same dataset. However, BERT(b/u) trained on Perspectrum performs
poorly on DEBAGREEMENT. The fine-tuned model even fails to outperform the naive most-
frequent class estimate for subreddits where the class balance is poor (r/BlackLivesMa
tter and r/climate). These findings imply that disagreement detection in the online,
messy setting is a fundamentally different problem to the formalised, structured setting,
with relatively few transferable insights between them.
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Alternative training data

In this section, we consider the performance of BERT(b/u) with different choices of train-
ing data from DEBAGREEMENT. We show that i) BERT(b/u) performs better on a specific
subreddit when trained on data from other subreddits, and ii) masking either of the two

comments during training leads to lower performance.

Cross-subreddit evaluation We consider BERT(b/u) performance on a specific subreddit
when trained on the subreddit, other subreddits, or all subreddits. In Table 7.6, we observe
that training on data across different subreddits improves performance compared to train-
ing on the test subreddit alone. This suggests the capacity of LMs to learn signal beyond

subreddit-specific terminology and jargon.

Table 7.6: Cross subreddit BERT(b/u) accuracy

Subreddit
Brexit Republicans Democrats Climate BLM
% Most frequent class | 35.4% 40.3% 39.7% 41.2%  53.6%
?D Current subreddit | 62.4% 64.6% 65.3% 62.2% 58.3%
= Other subreddits | 62.2%  64.3% 66.9%  65.4%  70.8%
E All subreddits | 64.1% 64.9% 66.9% 66.1 % 68.6%

Masking parent and child comments We also assess the relative importance of the parent
and child comments for the (dis)agreement detection task. We compared the accuracy of
BERT(b/u) trained with both the parent and child comments, and trained with each one
of them only, on r/Brexit. The baseline accuracy (when the model is trained with both
comments) is 62.4%. We observed an accuracy of 38.1% on the test set when we trained the
model with the parent message only, and an accuracy of 60.7% when training with the child
message only. This suggests that: i) the child comment contains most of the signal required

for the task, and, most importantly, ii) the parent comment provides textual context which
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improves (dis)agreement prediction.

7.1.4 Limitations and Future work

Combining LMs and GRL methods Recent research has proven the benefits of leveraging
contextual information in language modeling, whether it is structured knowledge (Colon-
Hernandez et al. 2021) or social context (Keskar et al. 2019, Kulkarni et al. 2021). GRL
methods have become increasingly popular for natural language processing (Wu et al. 2021).
Colon-Hernandez et al. (2021) reviews how structured knowledge, such as knowledge graph
(KG) embeddings (Wang, Mao, Wang & Guo 2017), have been combined with language mod-
els. An example is KnowBERT (Peters et al. 2019), a language model which injects KG
embeddings into BERT’s internal layers so the model learns knowledge-aware token rep-
resentations. In another context, (Kulkarni et al. 2021) build a geographically-sensitive
language model for token prediction in tweets of the form: The most popular NFL team in my
state is [MASK]. The authors use Node2Vec (Grover & Leskovec 2016) on a graph in which
nodes are US cities and edge weights are geodesic distances between cities. They show that
injecting the embedding of the location of the tweet author into the internal layers of BERT
improves BERT’s performance.

DEBAGREEMENT presents an opportunity to train socially aware language models. For
instance, one may use user embeddings trained on the DEBAGREEMENT graphs, and inject
them into state-of-the art LMs. One may also consider (dis)agreement detection as a sign
link prediction task on the DEBAGREEMENT graphs. In this setting, the textual informa-
tion could be treated as edge or node features, and suitable Graph Neural Networks (GNN)
may be applied for edge sign prediction. Social balance theories (such as the theory that A
friend of my enemy is my enemy) may be relevant for inferring missing edges (Cartwright &

Harary 1956).
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Labeling challenges Despite the preprocessing we performed to ensure high-quality an-
notations, only 33% of the pairs were annotated with full inter-annotator agreement. This
speaks to the difficulty in annotating short online exchanges containing nuanced statements,
sarcasm, and diverse writing genres. Furthermore, the boundary between a neutral and a
negative reply, or a positive one, may be blurred. This is underscored by the difficulty LMs
have to identify neutral interactions.

We suggest two potential ways to combat labeling challenges through future work. One
involves drawing more data from the forum for better context - specifically, we suggest po-
tentially annotating full discussion threads, instead of comment-to-comment interactions in
isolation (see below). Additionally, we see some potential in training NLP tools on interac-

tions where annotators did not agree to identify examples that need additional attention.>

Comment-reply pairs vs discussion threads As discussed in section 7.1.2, reddit users
may engage in lengthy back-and-forth exchanges, rather than a single comment-reply inter-
action. In DEBAGREEMENT, we consider initial comment-reply pairs as a proxy for discus-
sion threads. By doing so, we may fail to capture some of the complexity of an entire online

conversation, and opportunities to foster dialogue modeling research.

Exploring more subreddits DEBAGREEMENT follows five key socio-political movements.
Expanding annotations to other areas of discussion (such as consumer products reviews,
r/buyitforlife or wider political forums, r/politics) could lead to further discover-
ies. Annotated data from these subreddits may allow us to glean new insights about future

consumer preferences or rising areas of political contention.

SImportantly, these findings date to research performed before the publication of OpenAl’s ChatGPT (Ope-
nAI 2023)
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7.2 Temporal Signed Louvain: the clustering algorithm for a turbulent

world

Political events, such as wars, changes in government and civil movements, have changed
and shaped the course of history. On February 22, 2022 Russian president Vladimir Putin
announced the beginning of a ‘special military operation’ in Ukraine — the culmination of
several years of worsening relations between the two countries. In October, 2023 the world
witnessed the bloody unraveling of the Israel-Palestine conflict. Simultaneously movements
such as the BlackLivesMatter protests and climate change discussions continue to shape pol-
icy. Finally, the year 2024 is set to be the ‘biggest global election year in history.* Evidence
points to the fact we are living through events that will shape the trajectory of the coming
decades and centuries.

As tensions continue to rise and heated debates unfold, how can researchers understand
and quantify the dynamic world we live in? Network tools provide an important lens, allow-
ing us to view the world as a complex system and study the connections between different
agents. Clustering exercises in particular allow us to identify which groups of agents are
most closely connected to each other and may share similar views / characteristics. In the
case of social movements, clustering may allow us to identify individuals who support a
similar ideology. At the international scale, we can identify which countries are potentially
allied with each other.

The network science community has had a long-standing interest in efficient methods
for uncovering clusters in static, unsigned graphs. Despite these algorithms’ effectiveness
at uncovering important characteristics of many real-world examples, studying the evolv-

ing dynamics between agents that can reach different levels of agreement / disagreement

*https://www.vox.com/future-perfect/2024/1/3/24022864/elections-democracy-2024-united-s
tates-india-pakistan-indonesia-european-parliament-far-right-voting
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requires a more nuanced approach. We propose a temporal, signed clustering algorithm
to help capture the dynamics. Exploring such methodologies has gained momentum within
the network science community in recent years — with both signed clustering algorithms and
temporal clustering algorithms receiving significant attention in the literature. We discuss
the problem framing for signed clustering and temporal clustering (as well as citing seminal
works for important methods) in greater detail in Appendix 7.A.1; Bara’a et al. (2021), Sax-
ena et al. (2017) are two relatively recent reviews of traditional clustering methods, while
Al-Andoli et al. (2021) also consider recent deep learning techniques. Relatively few meth-
ods explore temporal, signed clustering methods — this thesis complements the evolution-
ary and differential temporal, signed network algorithm literature (Chen, Liu, Hao & Wang
2020, Chen et al. 2016, Wang, Song, Lu & Wang 2017).

The goal of this section is twofold: i) we present a novel flexible temporal, signed clus-
tering algorithm and ii) we present insights from applying it in several topical settings.
Specifically, we study generalisations of the Louvain method (Blondel et al. 2008), a pop-
ular and efficient method for modularity optimisation in unsigned graphs. We propose a
new heuristics-based method, Signed Louvain, to maximise the signed modularity function
(Traag, Doreian & Mrvar 2019). We then expand the heuristics to temporal signed graphs.
The thesis applies the novel method in two settings: i) to study the five online discussion
communities annotated within DEBAGREEMENT discussed earlier in this chapter in order
to uncover the dynamics behind political movements (similar in spirit to Grindrod & Bovet
(2022)), as well as to study the evolution of international relations from the perspective of
international news events from Integrated Crisis Early Warning System (ICEWS) dataset

(Boschee et al. 2015).
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7.2.1 Methods

Notation We consider a temporal network represented as a stream of time-indexed, undi-
rected, signed edges {e;} appearing over continuous time t. An edge is denoted by the fol-
lowing tuple ¢, = (t,u,v,w;, ,, W}, ,), where t is the time at which the edge appears, u and v
are unique node identifiers (importantly, nodes can be added to the network over time and
receive a unique identifier once added to the network). w;, ,, w{, , represent the positive
and negative weight associated with the edge. If, for example, e; represents a fully positive
interaction between nodes u,v then w;, , = 0 and w/, , = 1. The framework allows us to
incorporate a continuous spectrum of interactions; we choose to quantify the positive, w/, ,
and negative, w; , ,, interactions separately for computational purposes.

To evaluate the communities of the network at time ¢, we aggregate all edges up to time
t into the adjacency matrix A(t), which is the sum of the negative and positive adjacency
matrices of the network: A(t) = A" (t) — A (¢).

The importance of an edge in the evolving network decreases with time. Therefore, the
weight of edges that occur before time t is decayed exponentially. For two given nodes u

and v, their entry in the temporal adjacency matrix is computed as:

AL ()= ) Wi pexp(-n(t— 1)), (7.1)
fe<t
Au(t)= ) Wiy exp(—n(t = ). (7.2)

t<t

Given this network specification, we design Temporal Signed Louvain (TSL), our method to

detect communities in temporal and signed networks.
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Algorithm Design

Modularity Maximization — Unsigned, Static Method As a starting point, we use the Lou-
vain method (Blondel et al. 2008), a modularity maximisation-based method for community
detection in unsigned, static networks. The modularity of a network partition is a scalar
value between —1 and 1 that measures the density of links (edges) inside communities as
compared to links between communities. Based on the homophily assumption, the intu-
ition is that a well partitioned network should have most links inside communities and not
between communities. Given a weighted network with adjacency matrix A, the modularity

of partition o is defined as:

Q)= 5323w =1t ot 7.3

where A, is the edge weight between u and v, k, =) , A, is the degree of node u, 0, is the
community to which node u is assigned, y is a resolution parameter, and o-function is the
indicator function. Finding the partition that maximises Equation (7.3) is a NP-hard prob-
lem; so the Louvain method (discussed below) uses an efficient heuristics that approximate

the best solution.

Modularity Maximization — Signed, Static Method Following its success, modularity-
maximisation methods have been explored for signed networks. In Traag & Bruggeman
(2009), a signed modularity function is defined as follows. The network is split into its pos-
itive and negative parts such that the signed adjacency A can be written A = A, —A_ and

the modularity of a signed network can be defined Q = Q, — Q_ following the definition in

151



Equation (7.3) on the positive and negative network parts respectively:

2mt 2m~

Qo) = 552 3w~ (1 S 7 5ot 7.4)

where A, is the edge weight between u and v, k! =) A}, is the positive degree of node u
(total weight of positive edges linking to node u), k;, = ), A, is the negative degree of node
u (total weight of negative edges linking to node u), o, is the community to which node u
is assigned, y* is the positive resolution parameter, y~ is the negative resolution parameter,
and o-function is the indicator function. This definition of modularity effectively rewards
placing nodes with many positive links into the same community, but penalizes placing

nodes with many negative links into the same community.

Modularity Maximization — Signed, Temporal Method (TSL) To create the TSL, we start-
ing with an initial non-empty network (snapshot) at t = 0, we detect initial communities
leveraging the Reichardt & Bornholdt (2006) approach to compute the positive and nega-
tive modularities separately, and a Louvain Optimizer multiplex partitioning to compute
the overall optimal partitioning. Our approach offers flexibility to utilize other algorithms
— depending on the application, a different optimization methodology may be more appro-
priate and our approach is flexible to incorporate such modifications. For our approach,
we test the Louvain method, whcih is a hierarchical clustering algorithm that recursively
merges communities into a single node and re-evaluates / executes clustering on the con-
densed graphs, summarized in Algorithm 1.

The configuration allows for several important choices. In line 4 above, the algorithm
traditionally looks to merge nodes with neighboring communities. In our case of signed
graphs (where links can indicate heterophily as well as homophily), we elect to consider

all communities for the node move. The second option is around the choice of quality
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Algorithm 1: Louvain Outline

1 Initialise all nodes in their own independent communities;

2 while Quality function improvement > 0 do

3 for Node in Graph G: do

4 Compute maximum quality function improvement for moving node to a
community within the graph;

5 if Maximum quality function improvement > 0 then

6 Merge node into the community which maximizes the quality function. In

the updated graph, the node and community will be represented by a

single node (which inherits the links of all subsumed nodes);

7 else

8 | Continue

9 end
10 end
11 return Updated graph G
12 end

function. We leverage the louvain. RBConfigurationVertexPartition®, which computes
a non-normalized version of modularity (treating the positive and negative graphs are sep-

arate layers of the same graph):

kitk:
Q+ = Z(A;v - 7/+ umv )5(Guf0v)’

2mt
u,v
_ _ _kik;
Q = Z(Auv -V ZL;ni )5((714;01/)-

The algorithm then maximizes modularity for the positive and negative layers simultane-
ously by computing the modularity as: Q = Q" - Q~.°

Once an initial community allocation has been set, the timestamps edges are processed
one at a time. Each time a new edge appears (or at predefined intervals) communities are re-
computed: the algorithm is initialized with the previous time step’s community allocations;
the method for modularity optimization from Reichardt & Bornholdt (2006) in combination
with Louvain Optimizer multiplex partitioning is then applied to the updated graph G; to

update node allocations.

Shttps://louvain-igraph.readthedocs.io/en/latest/reference.html
Shttps://louvain-igraph.readthedocs.io/en/latest/reference.html
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Previous works in community detection have focused on detecting communities either in
static signed networks or in temporal unsigned networks. TSL fills an important gap in the
literature by formulating the first modularity-maximizing community detection algorithm
for temporal signed networks. It has several advantages relevant for social dynamics anal-
ysis that we detail below. Because of its ability to detect community changes continuously,
we can naturally identify significant structural changes in the structure of online networks.
Given the flexible aggregation function, the algorithm can also easily be extended to include
other classes of interactions (such as multilayer interactions in contexts where users interact

across several dimensions).

Hyperparameters There are several hyperparameters that need to be set in TSL. y* and
¥~ in Equation (7.3) are typical resolution parameters of Louvain-inspired methods. In our
application, careful consideration of y* and y~ is of particular importance as they play an
important role in determining community size and connectedness in sparse graphs. We
discuss their importance in greater details, as well as the parameter choices in this setting
in Appendix 7.A.2.

n in Equations 7.1, 7.2 is the tie-decay parameter. It controls for how fast the weight
of past edges collapses to zero. A higher tie decay gives more importance to recent in-
teractions and makes older ones obsolete. This parameter is set via parameter search by
choosing the values maximising stability of communities across several runs of the method.
Eventually, because past edges” weights decrease to zero, nodes which have not been active
for a certain period of time become isolated and create small, noisy network components
disconnected from the rest of the network and uninformative for the community inference
process. For this reason, we introduce an activity threshold C so that any node whose total
activity weight is smaller is simply removed from the network before community inference.

For interpretability, we set 7 as the fraction of an original interaction’s weight remaining
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after three months time. If # is set to 0.3 — 30% of the interaction’s weight will remain in
three month’s time. If 7 is set to 0.9 — 90% of the interaction’s weight will remain in three
month’s time. If 7 is set to 1 — the algorithm will work with no tie decay; new information
will be weighted equally to old information. We explain in greater detail the methodology
and significance of 77 in Appendix 7.A.2.

Additionally, we observe that the stability of the method is dependent on network den-
sity. For this reason, we proposed several methods to clean and select highly-active, community-
defining nodes prior to running the algorithm. Our code base allows one to filter data based
on a global clustering coefficient, ensuring that data remains connected over time and to

propose potentially unobserved links due to triadic closure.

Synthetic Experiments

Evaluation framework Our synthetic experiments use the following general evaluation
framework. We begin by generating signed network data where node communities are
known a-priori, and data is generated to match certain edge densities within and across
communities — a method referred to as a Signed Stochastic Block Model (SSBM) (Holland
et al. 1983, Jiang 2015). We use the Normalized Mutual Information (NMI) as our metric
of choice to evaluate performance of the TSL (Strehl & Ghosh 2002). This metric evaluates
how close the communities found by TSL are to the ground-truth communities defined as
part of the data generation process.

NMI ranges between zero and one, with a score of one signifying a perfect match of
assignments, and has become standard for evaluating the quality of community detection
algorithms (Fortunato & Hric 2016). Specifically, if we have N objects, and two label as-

signments U,V of these objects. The entropy a specific partition, where we use i to index
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communities in the summation below, is:

H(U)=-) P(i)log(P(i)),

where P(i) = |U;|/N is the probability of selecting a community of size |U;| at random from
the N items. The entropy measures the amount of uncertainty associated with each parti-
tion. Therefore, if a particular partition is likely to occur by randomly placing objects into
communities, its entropy is high.

The mutual information between two partitions, U, V is:

Ul |v| PG, )
MI(U,V) = ZZP(i,j)log(P(i—P(].)),
P

where P(i, j) = |U; N V;|/N (the probability for objects in communities U; and V; to intersect
randomly).

From these two components, the NMI between two partitions U, V is defined as:

2MI(U, V)

(7.5)

Static Experiments

We consider the performance of the algorithm in two static settings: one where we vary the
fraction of edges in the network, and another where we vary the noise in terms of fraction of
positive versus negative links between and within communities, respectively. The first sce-
nario is intended to test robustness to network sparsity. The second looks at the performance
of the algorithm in the presence of signal noise within and between communities, where not
all users within a community agree with each other and disagree with other members.

The results with respect to sparsity are presented in Figure 7.5a. This scenario has no
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Figure 7.5: Algorithm Robustness for Static Data: we detect communities in synthetically-
generated static network data. The chart on the left captures our algorithm’s robustness to sparsity as we
vary the fraction of edges missing within and between communities; all links within communities are positive
and between communities are negative. The chart on the right captures the robustness to noise as we vary
the fraction of positive edges between communities and negative edges inside communities, while fixing the
fraction of observed edges between nodes at 0.7 (30% of edges missing). The algorithm is evaluated by the
similarity of detected communities with those used in the data-generation process using the NMI metric for
community comparison. In the experimental setup, we choose y* = 0.5, = = 0.8 and re-run the optimization
while varying the random seed 100 times per scenario and keeping the community with the highest detected
gain in the objective function.

noise, i.e. all links between nodes within communities are positive, while links between
nodes in different communities are negative. We observe that the algorithm performs well
in most regions of the parameter space. Edges missing between communities appears to
present a challenge in regions where the fraction of intra and inter community edges missing
is over 95%. This performance is related to our choice of hyperparameters y* and y~, as
discussed in Appendix 7.A.2.

The results with respect to noise are presented in Figure 7.5b. We vary the fraction of
edges within communities that are negative between zero and 0.3. We do the same for posi-
tive edges between communities. These scenarios are meant to mimic true social dynamics
where, for example, the majority of people in a group may agree with each other, but some

disagreements are present. We choose the 0.3 maximum cutoff for noise as any greater
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amount of noise results in communities that are inherently not well-defined. We uniformly
choose fifty percent of possible edges between nodes to be present, placing us in a region of
good algorithmic performance with respect to sparsity, as shown in Figure 7.5a. The results
suggest that our algorithm is fairly robust to noise, with performance deteriorating only in
the highest noise region where over 25 % of edges within and across communities flip sign.
The results in the static setting suggest that the algorithm is sufficiently robust to noise to

potentially achieve reasonable performance in the temporal setting.

Dynamic Experiments
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Figure 7.6: Community Merge Experiments. Figure 7.6a depicts a toy diagrams for the
scenario. Positive (negative) edges are depicted in green (red). Figures 7.6b, 7.6¢ depict the
ability and speed of TSL to detect community structure changes, as measured by comparing
algorithm communities to the ground truth from the data generation process using the NMI
metric. In Figure 7.6b we set y* = 0.5 and y* = 0.8 for all runs. In Figure 7.6b, we set  to
0.8.

We modify the Stochastic Block Model framework (Holland et al. 1983, Jiang 2015) to
our temporal setting in order to investigate the influence of tie-decay 7 and the scaling
parameters ", ¥~ on the ability of TSL to detect three temporal community dynamics: a
community merger, a community split and new nodes entering existing communities. The
scenarios are depicted in Figures 7.6a, 7.7a, 7.8a. In addition to testing the TSL in these
settings and discussing the choice of hyperparameters, we provide a flexible framework
temporal Stochastic Block Model framework, which enables one to generate synthetic data
for any of the scenarios discussed while varying the amount of noise and network density.
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Figure 7.7: Community Split Experiments. Figure 7.7a depicts a toy diagrams for the
scenario. Positive (negative) edges are depicted in green (red). Figures 7.7b, 7.7c depict the
ability and speed of TSL to detect community structure changes, as measured by comparing
algorithm communities to the ground truth from the data generation process using the NMI
metric. In Figure 7.7b we set y* = 0.5 and y* = 0.8 for all runs. In Figure 7.7b, we set  to
0.8.
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Figure 7.8: New Node Experiments. Figure 7.8a depicts a toy diagrams for the scenario.
Positive (negative) edges are depicted in green (red). Figures 7.8b, 7.8c depict the ability
and speed of TSL to detect community structure changes, as measured by comparing al-
gorithm communities to the ground truth from the data generation process using the NMI
metric. These experiments introduce noise — a fraction of edges between communities may
be positive and those within communities may be negative. In Figure 7.8b we set y* = 0.5
and y* = 0.8 for all runs. In Figure 7.8b, we set 77 to 0.8.

Scenario Description Figure 7.6a shows a merge between two communities: communities
A and B join together to form community D. The networks has an initial (¢ = 0) community
configuration: the network has 60 nodes split into three equally-sized communities (A, B
and C), and 500 randomly selected edges are generated between the communities with only
positive edges within communities and only negative edges between communities. At t =1,
A and B merge to create community D, and each edge created over the course of the next
500 time steps are in keeping with this new configuration: at each time step, two nodes

are chosen at random and a negative edge is created between them if they are in different
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communities (i.e. one node is in community D and the other is in C), and positive if they
are both in the same community (C or D). In all scenarios time periods are converted to
calendar timestamps for effective processing by our temporal algorithm.

The experimental design for community splitting is similar to the community merger
and is displayed in Figure 7.7a: we initialise the network with 60 nodes, two communities
with 40 and 20 nodes respectively, and with 500 randomly chosen edges between them.
Over the course of the next 500 time steps, new edges are created randomly in the network,
according to the new configuration with three equally sized communities, where the larger
community has split into two smaller ones.

The last scenario simulates a network growth. The initial network has 60 nodes split into
two equally-sized communities, with 500 randomly sampled edges between them; edges are
positive within communities and negative across communities. At t = 1, we introduce 20
new nodes with ten of them assigned to each of the two communities, with one interaction
per new node. An element of noise is introduced to the experiment: the edges coming from
the new nodes are positively connected to nodes within their community (and negatively
connected to nodes outside their community) with 90% probability. This is displayed in
Figure 7.8a with the existence of a few positive (negative) edges between (within) communi-
ties A and B. Starting at f = 1, we observe 500 more time-steps with an edge being generated
at each time-step by selecting two nodes randomly and with a 10% probability of having a

noisy sign.

TSL Performance We evaluate the performance of the TSL by comparing the detected
communities across time to those of the data generation process using the NMI metric for
evaluation. In the initial timestep, we are effectively measuring the TSL’s ability to detect
the original community structure — subsequently, we consider how long (how much new

data the TSL must be exposed to with different parameter settings) before the algorithm
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detects and updates the community structure.

The first set of experiments tests for the impact that the time decay parameter # has
on community detection (we keep the " and y~ constant at 0.5 and 0.8, consistently with
our discussion in Appendix 7.A.2). In Figure 7.6b, we observe that 1 = 0.9 and # = 0.8
both allow the algorithm to detect the new community structure — a lower 7 of 0.8, in fact
allows the algorithm to detect the change sooner and by observing fewer new datapoints.
However, a very low choice of 7 of 0.4 or 0.6 does not allow the algorithm to detect the new
community structure — the information from ties decays too quickly and the algorithm no
longer has a substantial base of connections to use to make inference. Instead of detecting
meaningful changes in community structure, the algorithm picks up noise from one time
step to the next and updates communities based on it. On the flip side, a high choice of
1 is also sub-optimal - setting 7 to 1 results in the algorithm not updating the existing
community structure since the new information it receives is insufficient to overcome the
information from the initially created community structure. We observe similar insights
from the Community Split and New Node scenarios. In the Community Split experiments,
we also observe that the algorithm is quite noisy in the detected communities when # is too
low, and fails to update to the new community structure when # is too high (Figure 7.7b).
In the New Node scenario with noise, a higher 7 ensures that the algorithm is not overly
sensitive to noisy links and maintains community cohesiveness (Figure 7.8b).

The second set of experiments considers various parameter choices for y* and y~. In the
New Node scenario, the combination of * and y~ parameters determines how quickly the
algorithm converges to the correct underlying structure. In other instances, y* and y~ play
a more important role. In the Community Merge scenario in Figure 7.6c, we observe that
when y* is set too high (when y™ is set to 0.8), the algorithm fails detect a merge continues

to detect three communities. This is consistent with Appendix 7.A.2 where we discuss that
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a higher y~ relative to ™ parametrizes the algorithm to combine sparsely connected nodes
into larger communities. In the Community Split experiments, we present a scenario with
the opposite problem: when y~ =1 and y* = 0.5 the algorithm incorrectly groups smaller
communities into larger ones.

Overall, our experiments highlight the ability of the TSL to dynamically pick up changes
in community structure that occur over time. The experiments also underscore the impor-
tance of applying domain knowledge (such as insights into whether we expect few, sparsely
connected communities or many, densely connected ones) and testing for algorithm stability

when applying it to real-world data.

7.2.2 Tracking International and Political Communities using the TSL

We apply the TSL in two different settings: to individual user agreement-disagreement data
from Reddit (Pougué-Biyong et al. 2021), and to ICEWS international event data. The ex-
ercise demonstrates the versatility of the TSL and allows us to draw important conclusions
about how these different networks have evolved and the underlying dynamics that have

unfolded.

Social Media Discussions

Data Description We leverage the DEBAGREEMENT dataset (Pougué-Biyong et al. 2021)
for our analysis of how political discussions among users have evolved online. This dataset
was created from anonymous discussion data scraped from the Reddit platform. Reddit is
a social forum broken down into smaller topic-specific discussion groups, called subreddits.
DEBAGREEMENT contains data from five different subreddits: r/BlacklLivesMatter, r/
Brexit, r/climate, r/democrats, r/Republican. Each subreddit contains user-generated
posts which are the central points of discussion: the posts can be upvoted and downvoted

by other users who can also comment the posts. Users engage in topic-focused discussions
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with each other in a thread format. DEBAGREEMENT data is composed of the text from
posts as well as a comment-reply pairs among different users, creating a social interaction
graph. The comment-reply data is annotated by trained specialists as being either agreement,
disagreement or neutral interactions. Each interaction is annotated by at least three different
annotators. The final label, as well as the inter-annotator agreement, is contained in the final
dataset.

Each DEBAGREEMENT subreddit has distinct network characteristics. First of all, the
annotations span different time periods. r/BlackLivesMatter, r/democrats, r/republ
ican span the months preceding and following the 2020 presidential election in the United
States. r/climate and r/Brexit, on the other hand, follow longer-term social movements
over several years. Figure 7.9 highlights the different levels of activity across the forums
across time. From a networks perspective the forums are similarly distinct in Table 7.7. For
our signed, temporal clustering methodology we consider primarily negative and positive
interactions: most forums have a relatively balanced number of positive and negative inter-
actions, however, r/climate and r/Brexit contain substantially more negative than posi-
tive interactions. For all of these reasons, even though our general algorithmic framework
for findings temporal communities remains the same, we must make distinct parameter
choices for each of the forums and leverage our algorithms flexibility in order to select the
appropriate configuration. Fortunately, the flexibility of the TSL allows us to adjust it and

function well with noisy interactions from social media.

TSL Application In our experiments, we drop neutral interactions and filter out nodes
with clustering coefficient equal to zero. We use our domain knowledge as well as synthetic
experiments to select y* = 0.5 and y~ = 0.8. We select our time decay parameter 7 by
comparing the NMI among the communities in which active nodes are placed into when

updating community allocations using the TSL algorithm at a monthly time horizon - the
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Figure 7.9: Forum Dynamics Over Time.

objective is to select an 1 parameter that allows us to detect meaningful community changes,
but also one that is resilient to noise. Our experiments are presented in Appendix 7.A.3 and
final 7 parameter choices are displayed in Table 7.7.

Beyond community detection, the TSL presents several advantageous ways to track tem-
poral changes in community structure over time. One of the outputs of the algorithm
is an alluvial diagram tracking flows from one community to another — the user has the
ability to set a minimum threshold for communities to track in order to avoid looking at
noisy, small communities. The alluvial diagrams allow us to observe different trends and
changes across the various forums. In Figure 7.10, we observe that r/BlackLivesMatter
and r/Brexit share certain common characteristics. Namely, both forums appear to have
key discussion clusters that gain momentum over time. In r/Brexit, the groups appear

to have greater movement with nodes changing discussion areas and political views. In
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r/Brexit r/climate r/BLM r/Republican r/democrats
Start date Jun 2016  Jan 2015 Jan 2020 Jan 2020 Jan 2020
End date Jun 2016  Jan 2015 Jan 2020 Jan 2020 Jan 2020
Network
Characteristics
#nodes 717 1,308 459 5,054 4,786
#edges 11,119 1,788 465 6,035 6,862
Parameters
Data Filtering Cluster. Cluster. Global Global Global

Coef. Coef.

n 0.7 0.6 0.4 0.3 0.3

Table 7.7: Dataset Statistics and Algorithm Parameters; we present network characteristics
across different discussion forums, as well as parameter choices. In the case of r/Brexit and
r/climate we select nodes with a clustering coefficient of at least zero; in the case of r/BLM,
r/Republican, r/democrats we have fewer observations and less densely connected nodes
— we filter nodes based on whether they are connected to the giant component by the final
time step.
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Figure 7.10: r/BlackLivesMatter and r/Brexit Alluvial Diagrams: we observe the
changes in community structure over time as individuals move between clusters and create
new ones on the r/BlackLivesMatter and r/Brexit forums. For the diagrams: for r/Blac
kLivesMatter we set a minimum community size of ten; for r/Brexit we set a minimum
community size of five.

r/BlackLivesMatter, on the other hand, even though two key discussion groups persist
across time, other, smaller communities appear and die out.
The r/cliamte forum exhibits quite different dynamics. In Figure 7.11, we observe a

community split in mid-2019, as well as the merger of several smaller communities over
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Figure 7.11: r/climate Alluvial Diagram: we observe the changes in community structure
over time as individuals move between clusters and create new ones on the forum. For the
diagrams we set a minimum community size of 15.

time into one. This trend appears consistent with the climate movement becoming more
united in their political agenda and goals over time.

We use the alluvial diagrams in Figure 7.12 to compare the behaviour of participants in
the r/democrat and r/republicans forums during the aftermath of the 2020 presidential
elections. The algorithm is run with the same parametrization across both forums and allu-
vial diagrams are produced using the same plotting specifications. However, key differences
are observable across the forum. In r/democrat, we observe substantial more movement
and interchange between the different clusters. Individuals appear to move freely between
different groups and engage in various conversations on the forum. In r/republicans, on
the other hand, we observe fewer, larger clusters that have relatively less movement between
them over time. A closer inspection of the characteristics of the two forums demonstrates
that the clusters are largely formed around vocal, politically opinionated individuals that
are active on the forums. However, within r/republicans individuals appear to side with
a single user and keep to their opinions over time. On r/democrat active individuals also
gain a following, however, forum participants often engage with a greater diversity of con-
tent produced by different users. We create a snapshot of the networks and present them in
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Figure 7.12: r/democrat and r/republicans Alluvial and Network Diagrams: we observe
the changes in community structure over time in the r/democrat and r/republicans
forums in the aftermath of the 2020 presidential election. For the alluvial diagrams for both
forums we set a minimum community size of 50. For our network diagrams, we look at a
snapshot of the most active users and their communities in February of 2021. Nodes are
colored according to their communities and sized proportional to their degree. Red lines
denote negative edges, while green denote positive ones.

Figures 7.12c and 7.12d. Both diagrams look at only users with a degree greater than four
and scale nodes proportionately to their degree. On the democrat forum, we observe that
user clusters are more densely connected with a mix of positive (green) and negative (red)
links between communities. Within the republican forum, communities appear more po-
larized with many more negative links between them. The network in general is less dense

with few
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International Relations

Data Description We proxy real-time developments in international relations by studying
news shared within one country about another from the ICEWS dataset (Boschee et al. 2015).
The key variables of interest for this study are: Event Date, Source Country, Target Country,
Intensity and Conflict and Mediation Event Observations (CAMEQO) code. We explain several

of the variables below.
* Source Country: country in which news is created
* Target Country: country about which news is being disseminated

* Intensity: score ranked between (-10,10) documenting the direction and importance of
a piece of news. A large, negative number, therefore, corresponds to a piece of news

contributing to the deterioration of relations between two countries.

* CAMEQ Code: describes the event type being discussed within the news. Events can be
encoded with two to four digit codes, with four digit corresponding to greater speci-
ficity of event type. Consider for example the Consult (02) category, which includes
specific codes for events that are identified as mediation and negotiation such as: “En-

gage in mediation” (025), “Engage in negotiation” (026).

We construct a temporal network by tracking the average intensity of all news between
countries (we effective tracking two distinct edges between countries, depending on the or-
dering of the Source Country and Target Country tuple). We create an edge between coun-
tries tracking average news intensity between them, N; ; ;. We apply a threshold of at least
thirty articles in a given year for a given country source - target relationship to be included
within our network in order to focus on meaningful and significant relationships. We choose

to take the monthly average across country pairs, rather than treat every piece of news in
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the ICEWS dataset as a distinct edge, due to the language biases and over-reporting biases
for certain countries and regions within the dataset (Raleigh et al. 2023) — we further justify
this through exploring the frequency of reporting news about specific countries in Appendix
7.A.4. The constructed graph is fairly dense, as many pieces of news are written tracking
events between countries. We, therefore, set ™ and y~ at one. Our decay parameter is set
to 0.9, as we anticipate that older news and events can continue to influence international

relations for a significant period of time.

TSL Application Figure 7.13 presents the alluvial diagram for our analysis of the ICEWS
international events dataset using the TSL (Boschee et al. 2015). At each time step, we ob-
serve the sizes of different clusters - i.e. the number of countries within each cluster. Lighter
grey lines represent the flow of countries between clusters from one time period to the next.
Figure 7.13a presents the transitions at the bi-annual level. We also track the initial and final
clusters of several countries, while the algorithm allows us to pinpoint the relative cluster-
ing position of each country at each time step. Figure 7.13b considers the consistency of our
extracted clusters across time — we compute the similarity of clusters using the NMI metric
from one time step to the next (recomputing clusters every six months). This exercise gives
us one way to observe whether international alliances are changing, or whether connections
between countries remain stable. Overall, we observe that the period between 1998 and
2004 is marked by relative instability — smaller clusters of countries appear to merge with
larger ones. This is consistent with the international turbulence seen within this period,
fueled by events such as the September 11, 2001 terrorism attack. After 2004, we observe a
long period of relative stability — this time was marked by a shift towards globalization and
increased international trade. In 2016, we observe a significant shift as a block of countries
in African and the Middle East (such as Pakistan, Lebanon, Sudan, Iraq) appear to merge

with a largely Eastern European block (including Russian, Serbia, Belarus). Finally, in 2022
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Figure 7.13: Alluvial diagram; at each time step, we observe the sizes of different clusters and the flows
between them. In Figure 7.13b we observe the inter-time period stability of clusters (using the NMI to look at
cluster consistency) — clusters are recomputed every six months.
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we, once again observe a large change as countries consolidated or shifted their alliances

with the beginning of the Russian-Ukraine conflict.
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Figure 7.14: Country Clusters — Network Diagrams: we present the extracted country clus-
ters across time. Nodes are scaled proportional to their degree and colored according to
their temporal clustering allocation. Green edges highlight positive average intensity be-
tween countries, while red ones denote negative ones (in Figures 7.14d, 7.14c, 7.14b we
only include those with average intensity greater than 0.5 or less than -0.5 due to the in-
crease graph density).

Figure 7.14 shows the results of the clustering exercise. We observe that, generally, geo-
graphical proximity is a good indicator of positive relationships. For example, we observe
many larger Asian countries clustering together consistently over time, such as China, South
Korea and India. Taiwan is a noteworthy exception — it’s placement in the network switches

to the cluster with the USA and Germany in 2022. Israel is also a noteworthy exception to

this rule, since it switches it’s cluster from that with it’s neighbours to the cluster with the
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USA and Germany by 2017.

7.2.3 Conclusion and Further Work

This section presents a signed, temporal extension of the Louvain modularity-maximizing
algorithm (Blondel et al. 2008) — the TSL. The key contributions of the section are twofold.
We present the flexible algorithm (as well as a robust testing framework) for researchers to
use across different domains and for various temporal, signed network clustering settings.
We subsequently apply our algorithms to two different empirical applications — to study
political and social movements online (DEBAGREEMENT) and to better understand the
evolution of international relations through the lens of news events (Boschee et al. 2015).
The algorithm provides various tools and output to easily understand community changes
over time and to analyse key changes. Given the relative dearth of temporal, signed commu-
nity detection algorithms, I believe that this chapter fills an important gap in the literature
as well as providing opportunities for future research. Beyond the analysis provided here to
understand community changes, the richness of current datasets (such as the text data from
social media interactions) provides opportunities to use natural language processing meth-
ods in combination with the TSL to better understand and improve the interpretability of
results. Overall, this chapter is an important step towards taking advantage of the complex,

multi-dimensional data which is becoming increasingly available for research.
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Appendix

7.A TSL Appendix

7.A.1 Temporal and Signed Network Clustering — Detailed Overview and Extended Lit-

erature Review

Signed Clustering — overview In recent years, several methods have been presented to
detect communities in (static) signed graphs. These methods are either based on random
walks, spectral clustering, generative methods, or social balance theory. Methods based on
random walks (Yang et al. 2007, Zhou et al. 2018) generalise the concept of random walks
on unsigned graphs to signed graphs by defining a non-zero probability to walk on nega-
tive edges. Spectral clustering algorithms (Chen et al. 2018, Cucuringu et al. 2019, 2021,
Mercado et al. 2016, 2017, 2019, Zheng & Skillicorn 2015) exploit the eigenvalues of the
signed laplacian. In these methods, the number of clusters is fixed a priori. Generative
methods (Jiang 2015, Chen, Wang, Yuan & Tang 2014, Yang et al. 2017) propose Stochastic
Block and Probabilistic Mixture Models to model non-overlapping and overlapping com-
munities. Methods based on social balance theory (Anchuri & Magdon-Ismail 2012, Traag
& Bruggeman 2009) incorporate frustration minimisation and/or modularity maximisation
(Newman 2006) to find communities. Recently, people have begun to explore deep-learning

embeddings and graph neural networks for community detection (Shen & Chung 2018).

Temporal Clustering — overview Community detection algorithms for temporal graphs
are called dynamic community detection (DCD) algorithms in the literature. A recent sur-
vey classifies DCD methods into three categories: instant optimal, temporal trade-off, and

cross-time methods (Rossetti & Cazabet 2018).
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Instant Optimal methods build directly on static community detection algorithms. They
consider that communities existing at time t only depend on the current state of the graph
at t, so that static algorithms can be applied at each time t. In a second step, communities
from different steps are matched by quantifying their similarities. With these methods, it
can be difficult to distinguish between the changes due to the evolution of the community
structure and the changes due to the instability of the algorithms (static community detec-
tion algorithms can find different communities over several iterations on the same graph)
(Rosvall & Bergstrom 2010).

Temporal trade-off methods find communities for the initial state of the graph then iter-
atively find communities at step t using the graph at time t and the communities found in
the previous step(s). These approaches are able to cope with instabilities while smoothing
the community evolution. Cross-time methods detect communities in a single process by
considering all states of the graph at the same time. A single graph, in which each meta-
node corresponds to the presence of a node at a given time, is created. Such methods are not
able to handle real-time community detection. All above-mentioned methods are designed
for unsigned temporal graphs.

We develop the the TSL — the method has the ability to detect community structures
in time-evolving signed graphs, while preserving the continuity of their evolution over the

course of time.

7.A.2 Extended Hyperparameter Discussion

Hyperparameter selection: y

The choice of ¥ and y~ is of particular relevance for sparse graphs. We discuss this both
empirically and theoretically below.

Consider two nodes u,v in our graph. We consider the (non-normalized) modularity
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Figure 7.A.1: NMI for Community Detection in Stochastic Block Model with Edge Spar-
sity. The diagrams depict the NMI of the TSL in the static setting as edges are made more
sparse within and between communities. The setting has no noise — inter-community edges
are always negative, while intra-community edges are always positive. The ability of the
alogirthm to identify the true communities from the data generation process is dependent
on the resolution parameters y*, y~.

change for adding the nodes to the same community. If the nodes share a positive link, the

modularity change is:

kL ki
2mt 2m—

1-y (7.6)
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A negative link would result in a modularity change of:

_kiky o Lkiky

Yot L (7.7)
No link would result in a modularity change of:
_kiky L kiky (7.8)

2m 2mt

The algorithm, therefore, would be incentivized to place nodes in the same communities in

the instance when y~ >> y*.

Additional Synthetic Experiments Indeed, we present the algorithm’s performance in our
static, signed stochastic block model with no noise from Section 12 with different y* and
¥~ parameters (the scenario tests for performance across graphs with varying levels of spar-
sity). In Figure 7.A.1, we observe that algorithmic performance is indistinguishable in most
settings across all y*, ™ values except for those with few inter and intra community edges.
In these cases, we observe better performance when y~ >> y*.

As is clear from the experiments in Figure 7.A.1 , in the sparse case, domain knowledge
can be particularly useful when selecting y*, ¥~. The knowledge that nodes have a greater
probability to cluster into larger communities with few observed ties allows us to select a
high y~ relative to 7, such as the combination y* = 0.5, = 0.8. In our social media ap-
plication, we consider that the setting is likely similar. The social media forums we observe
likely contain several key discussion topics and opinions — while most users may be unlikely
to connect with all other users (making the graphs relatively sparse), they do likely belong

to a larger overarching community.
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Hyperparameter selection:

Algorithm 2: Time Decay Outline

1 Run algorithm on all edge that occur before the start time T (as static, signed
network). Initialize node cluster allocations C as Cr, and set current time, T,/ ens
to Ty

2 for Each time step when clustering allocations are computed T; € [T}, T5,...] do

3 for Each edge that occurs before T; do

4 if t > T;_; then

5 | Compute time for time decay in seconds as D,, = T; — t

6 else

7 ‘ Compute time for time decay in seconds as D,, = T; = T;_4

8 end

9 Update edge weight by multiplying weight of edge by time scaling parameter

— ¢75*De;

10 Update time ¢ of edge to T;

11 Remove node if the total weight of its edges is below activity threshold
12 end
13 Compute new node cluster allocations Cr, initializing the computation with

allocation from previous time step

14 return Node cluster allocations Cr,

15 end

We set the hyperparameter # to decrease the significance of older interactions within our

data. The scaling methodology works as follows. The scale parameter S is set to:

S =-log(n)/(3,600%24+30x3). (7.9)

The algorithm processes edges e; = (t,u,v, w;, ,, according to pseudocode outlined in Algo-
rithm 2.

Let us consider the scaling of an edge that occurs ten seconds before the clustering allo-
cations are computed at T;: exp(—10+—10g(0.9)/(3,600% 24 %30+ 3)) = 0.9999998645055189.
On the other hand, if the interaction occurred a month before, the weight of the interaction
would be: exp(-3,600 % 24 + 30 + —10g(0.9)/(3,600 + 24 + 30 + 3)) = 0.9654893846056298. At
three months before, the weight would be precisely 0.9.

At each time that the algorithm is rerun, the weight for the interaction is multiplied
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by the difference between the time at which the interaction occurred and the last time

algorithm was run.

7.A.3 DEBAGREEMENT Application
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Figure 7.A.2: DEBAGREEMENT # Selection: we compare the community structure ex-
tracted by the TSL algorithm among active nodes on the forum by comparing the similarity
of detected communities at monthly intervals using the NMI metric. We plot the stability
of communities for different # parameter values. The goal is to select an # parameter that
allows us to detect meaningful community changes, but also is resilient to noise.

Selection of 17 Hyperparameter

We select our time decay parameter 71 by comparing the

NMI among the communities in which active nodes are placed into when updating com-

munity allocations using the TSL algorithm at a monthly time horizon — the objective is to

select an 7 parameter that allows us to detect meaningful community changes, but also one

that is resilient to noise. Our experiments are presented in Figure 7.A.2.

For r/Brexit and r/climate, we consider slightly higher 1 parameters (implying that

more information will remain from older interactions and information from older ties will
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take longer to decay. We select an 7 of 0.7 for r/Brexit and 0.6 for r/climate. These
choices ensure that there are periods of stability over several months — but also allow the
algorithm to pick up important changes in community structure (as evidenced by dips in
the NMI).

For the forums where we have fewer observations (r/BlackLivesMatter, democrats,
r/republicans) and ones that track a particular political discussion — namely for the demo
crats, r/republicans we observe the period coming up to the presidential elections, while
r/BlackLivesMatter considers the development of the movement after George Floyd — we
consider a lower 1. We want the algorithm to be more adaptable to new information and to
capture sudden changes of community structure driven by changes in social movements or
political events. For this reason, we select 1 of 0.4, 0.3, 0.3 for the r/BlackLivesMatter,

democrats, r/republicans forums, respectively.

7.A.4 ICEWS Application

Distribution of the Number of Times Each Country is Mentioned

102

101 4

10°
11 : : .

0.0 0.5 1.0 1.5 2.0 2.5
Number of Mentions 1le6

Figure 7.A.3: Country Mentions in ICEWS; frequency with which countries are mentioned
as either source or target countries for international events, plotted with a log-scaled y-axis.

We justify computing a monthly average inter-country intensity by observing potential
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language biases in reporting in ICEWS Raleigh et al. (2023), as well as the much greater
magnitude of reporting on some countries. Figure 7.A.3 shows the distribution of the fre-
quency with which a country appears as either the source or the target country in the inter-
national events database. We observe that the distribution is heavy tailed — most countries
are only mentioned a few times, while some are mentioned hundreds of thousands of times.
This work strives to equally represent the importance of all country relations and, therefore,

applies the monthly aggregation transformation to the data.
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Chapter 8: Conclusion

Social media and internet discussion forums are not, inherently, novel phenomena. In
fact, early internet messaging platforms and chat rooms date back to the 1980’s and 1990’s
with the creation of software such as the Internet Relay Chat (intended to help connect peo-
ple with similar interests), the popularization of AOL’s instant messenger AIM and enthu-
siasm about re-establishing lost connections through platforms such as classmates.com.!’?
However, it is not until recent years that society has had to reckon with the positive and
negative consequences of global interconnectedness and coordination. Cyberbullying, ad-
dictive use, the spread of fake news, polarization, election meddling, the spread of extremist
views, and privacy abuse are among its documented consequences (Baccarella et al. 2018).

In order to ensure that social media improves welfare and fosters a better society, it is
crucial to better understand the dynamics occurring on social media platforms. Specifically,
gaining meaningful insights requires: i) the exploration of new, granular datasets document-
ing underlying trends, ii) the advancement of quantitative and analytical methods targeted
towards studying the space, and iii) careful empirical analysis applying novel methods to
the collected data. This thesis contributes to each of these efforts, while studying several
important areas of society where social media has significantly altered the landscape and
where its impact is less understood.

Chapter 3 introduces the WSB datasets and pursues several avenues of analysis. The
application of NLP tools and network theoretic techniques uncovers the social and text

frameworks which help explain asset correlations. We observe that topics extracted from

a LLM applied to text from WSB offer greater context to what drives co-movements in as-

Thttps://www.britannica.com/topic/instant-messaging
2https://www.computerworld.com/article/1552589/timeline—the—evolution—of—online—communi
ties.html
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sets (Ettinger 2020). For example, pharma companies are linked by the same topics of drug
discovery, FDA approvals and the COVID vaccine, in a way that is distinct from the topics
that are common to other assets. The analysis also demonstrates the propensity for social
investors (active on the WSB forum) to be trend followers — returns in assets experience a
run-up for several days leading up to a post, but experience a sharp reversal after the asset
is mentioned on WSB.

After establishing a link between WSB and the financial markets our goal is to better
understand the underlying dynamics and causal drivers of sentiment formation among so-
cial investors, and potential resultant financial market fluctuations. Chapter 4 empirically
documents peer effects in expressed sentiments among retail investors on WSB. User sen-
timents are, on average, 15% more likely to be bullish rather than bearish, if the odds of
peers expressing bullish over bearish sentiments double. Our observed group of traders on
WSB appear to weight the sentiments of peers more heavily than extrapolation, when form-
ing their expectations for future price movements. Chapter 5 presents several models which
document channels through which the behaviours documented among retail investors (peer
effects and extrapolation) can destabilize markets — I leverage several modeling approaches,
ranging from quantitative finance to complex systems methods. Chapter 5 ties observation
from WSB to financial markets in three ways. Shifts in attention to different assets on the fo-
rum correspond to changes in retail investor trading patterns. In the presence of ‘granular’
heavy-tailed attention (viral content), heterogeneous investment decisions are not averaged
out and impact returns. Finally, the chapter highlights that WSB users exhibit a preference
for discussing assets that exhibit bubble-like dynamics.

After the GME short squeeze, the usage of retail investment trading platforms skyrock-
eted, with Trading 212 temporarily pausing new account openings in February 2021 due to

huge demand, and several other providers struggling to cope with the influx of eager retail
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investors. Others have developed new features to allow traders to seamlessly execute on the
psychological biases explored within this paper: eToro, for example, now offers a CopyTrader
feature allowing users to precisely mimic the portfolios of others. Other discussion forums
similar to WSB are rising to prominence: for example, the new forum r/StockMarketLeakz
was one of the top-growing forums on subreddit in July, 2023. Given the recent trends, it
is likely that we have only seen the tip of the iceberg, in terms of the impact that social
media and hype investors can have on the market. Despite the thorough analysis of the
WallStreetBets forum presented in this thesis, I believe that we have far from a comprehen-
sive understanding of the effects that the influx of social retail traders may have on financial
markets and on wealth redistribution more broadly. One particularly disturbing example is
the recent explosion in retail trading volumes of zero-day-to-expiry (ODTE) options.? Such
financial instruments are unlikely to be the investment tools of choice for long-term, sound
financial planners, but rather are indicative of gambling — the approach of Bowman et al.
(2020) may suggest more appropriate tools for research, rather than traditional financial
rational expectations models. All of these trends and changes point to the need for new
techniques that incorporate a greater diversity of psychological and cognitive biases, as well
as collective dynamics (Garcia et al. 2024), and consider the potential for chaotic dynamics
/ phase transitions in a population with many, idiosyncratic agents.

As researchers, our modeling abilities are limited by our empirical observations and
knowledge of the system we are trying to model. In the recent years, there has been an
emphasis on using the controlled experiments to prove causality when studying human
behaviour, while underestimating the potential of natural experiments. This trend has led
to the neglect of some of the problems with the controlled set up — such as the fact that
many experiments are not reproducible, are highly sensitive to the specific environment

(with similar experiments generating disparate findings) and potentially fail to translate

Shttps://www.spiderrock.net/an-explosive-combo-zero-day-options-and-retail-traders/
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to alternative settings (Almaatouq et al. 2024, Van Bavel et al. 2016). On the other hand,
the greater availability of novel, unstructured datasets and powerful computational tools
to extract signal have furthered the usefulness of real-world datasets. This thesis strives to
demonstrate the usefulness of text data specifically, and to foster greater research using text
and social media data for research.

In summary, this thesis is written at a time when new social media data provides op-
portunity for greater transparency, as well as more realistic modeling of individual investor
behaviours and the potential instability caused by their collective dynamics. Unfortunately,
a focus on the controlled experimental setting has prevented researchers from unlocking the
full potential of this novel data. In a similar vein, traditional, rational-expectations models
for investor behaviour may no longer be the appropriate tool for modeling social collec-
tive dynamics online, which are increasing in momentum and likely to continue to drive
financial market fluctuations.

Chapter 7 broadens the scope of the thesis by introducing a novel social media dataset,
DEBAGREEMENT, as well as a new temporal clustering approach for better understanding
social movements. These two contributions allow me to to study political and social move-
ments online and to better understand the evolution of international relations through the
lens of news events (Boschee et al. 2015). The work demonstrates the growing potential for
network theoretic tools to uncover novel insights — especially as our understanding of how
different systems can be represented as networks continues to grow. Consider, for example
the recent success of deep-learning network models at predicting Drug Target Interactions
through representing molecular interactions as networks, or improvements in Al systems
from the use of ‘’knowledge graphs’, which record real-world entities or concepts and record
relationships between them as a multi-dimensional network (Zhao et al. 2021, Chen, Jia

& Xiang 2020, Fensel et al. 2020). A future direction for my research strives to explore
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the insights we can gain from applying deep-learning on graphs to financial and economic
networks — such as predicting future growth and specialization trajectories for countries.

It is my ambition that social media serves our society — strengthening inter-personal con-
nections, enhancing individual freedoms and promoting widespread access to knowledge.
In its current form, social media does not accomplish these goals. A silver lining is the gran-
ular datasets available from the usage of online platforms, enabling novel research. The aim
of this thesis is twofold: to enhance our understanding of the social-media ecosystem and
inform future policy / design decisions, and to advance the mathematical tools and analyses

at our disposal to enable more effective use of unstructured (text and network) datasets.
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